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Glossary

affect heuristic “Describes the importance of affect in guiding judgements and
decisions” (Slovic et al., 2007). 28, 35

affective coherence We introduce the term affective coherence to refer to the
level of emotional consistency in a document. The greater the similarity
between the emotions in a document, the greater the affective coherence of
the document. See also affective incoherence. x, 26

affective deficit We introduce the term affective deficit to refer to the short-
comings of language models in relation to emotion. For example, language
models are not driven by emotion (in the way humans are), and language
models can have difficulty representing the relations between words which
represent emotions. xxv, 33

affective incoherence We introduce the term affective incoherence to refer to
the level of emotional inconsistency in a document. The greater the differ-
ence between the emotions in a document, the greater the affective inco-
herence of the document. See also affective coherence. x, xxv

affective profile We introduce the term affective profile. A representation of
the affective content of a document (sequence of text). The affective profile
could be, for example, a sequence of emotions within a document, a se-
quence of n-grams of emotions within a document, or combinations of such
representations of the document. Thus, an affective profile could allow com-
parison, and potentially discrimination, between documents i.e. affective
profiling. xxv

associative coherence Where the world behaves as System 1 expects it to be-
have. Interruptions to associative coherence, e.g. due to something surpris-
ing or unexpected, will cause System 2 to act. 28, 29

attention residue “Attention residue reflects the persistence of cognitive activ-
ity about a Task A even though one stopped working on Task A and currently
performs a Task B.” (Leroy, 2009). See also zeigarnik effect. xiv, 30

attention restoration theory Concerned with the extent to which our reser-
voir of directed attention is consumed and restored in different environments
e.g. urban, rural. (Kaplan, 2001). 30

availability bias Availability bias describes how our judgement of the proba-
bility of an event or the frequency of classes are evaluated by the ease with



which examples are recalled (Tversky and Kahneman, 1973). Not to be
confused with availability cascade. xi, 23, 29

availability cascade “A self-reinforcing process of collective belief formation by
which an expressed perception triggers a chain reaction that gives the per-
ception increasing plausibility through its rising availability in public dis-
course.” (Kuran and Sunstein, 1999). See also endogeneity. Not to be
confused with availability bias. xi, xii

bad actor An actor (whether individual, state, or other) who intentionally
spreads disinformation or malinformation. 20

cognition “All forms of knowing and awareness, such as perceiving, conceiving,
remembering, reasoning, judging, imagining, and problem solving. Along
with affect and conation, it is one of the three traditionally identified com-
ponents of mind” - American Psychological Association . 27

deliberation without attention effect Derived from wunconscious thought
theory, this effect shows that simple choices are better done with delibera-
tion, but more complex choices are better done with unconscious thought

(assuming you have gathered all relevant information). (Dijksterhuis et al.,
2006). 29

directed attention Attention directed by cognitive control processes, it re-
quires effort and a limited resource, for example doing a maths calculation.
Also known as voluntary attention. Contrasts with involuntary attention.
X

disinformation “Fuabricated or deliberately manipulated content. Intentionally
created conspiracy theories or rumours” (Wardle and Derakhshan, 2018).
xi, 20, 21

distributional hypothesis Words which are synonyms (like “couch” or “sofa”)
tend to occur in the same context (like “sat” or “lay”), with the amount
of difference in the words roughly corresponding to the difference in the
context. Probably best summarised by Philosopher Ludwig Wittgenstein
“The meaning of a word is its use in the language” (Wittgenstein, 1953, PI
43). This means we can create embeddings for a word based on the words
surrounding that word. For example, two embeddings for “couch” might
be “a man sat on the X” and “the dog lay on the X”. Similar embeddings
might exist for “sofa” which then suggests that “couch” and “sofa” have
similar meaning. 17

dual process “The dual process hypothesis postulates that performance and in-
trospection reflect different underlying processes. It makes two fundamental
assumptions: (1) The processes underlying the reasoning performance, e.g.,
matching bias, are not generally available for introspective report. (2) In-
trospective accounts of performance reflect a tendency for the subject to

https://dictionary.apa.org/cognition/
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construct a justification for his own behavior consistent with his knowledge
of the situation.” (Wason and Evans, 1974). xiv, 27

endogeneity Also known as “reciprocal causation”, the phenomenon whereby
media reporting of an event impacts the event itself (Miller and Albert,
2015). See also availability cascade. xi

engagement based ranking Technique used by Facebook and other social me-
dia platforms to determine which content is most relevant to users interests.
Highly problematic according to Facebook whistle-blower Haugen (2021).
23, 29

exposure bias The discrepancy where a generative language model is trained
on the words from the training data distribution (human text) but not on
the words from the model distribution (synthetic text), but at prediction
time it is the model distribution that is used. Exposure bias was coined by
(Ranzato et al., 2016). 21

human factors “FErgonomics (or human factors) is the scientific discipline con-
cerned with the understanding of interactions among humans and other el-
ements of a system, and the profession that applies theory, principles, data,
and methods to design in order to optimise human well-being and overall
system performance. The terms ergonomics and human factors are often
used interchangeably or as a unit (e.g., human factors and ergonomics —
HFE or EHF), a practice that is adopted by the IEA [International Er-
gonomics Association]”?. 22

inductive bias The set of assumptions that a language model makes in order to
make predictions from inputs, unseen during the training phase, which can
include the model parameters and hyper-parameters. Induction (in logic)
is the process of inferring the general from specific examples. 21

information “Verifiable information, in the public interest, which is what au-
thentic journalism gives rise to” (Wardle and Derakhshan, 2018). 21

involuntary attention Attention captured by stimuli which are intrinsically in-
triguing or important, for example a sudden noise or quickly moving object.
Contrasts with voluntary or directed attention. xi

knowledge effect We tend to assume people know the same things we know,
consequently we do not state the obvious (Hayes et al., 1986). This could
lead to language models which are not trained on things which we consider
obvious and do not state in writing (i.e. writing which is used to train lan-
guage models), for example, that fire does not normally occur underwater.
21

malinformation “Deliberate publication of private information for personal or
corporate rather than public interest such as revenge porn. Deliberate change

’https://iea.cc/what-is-ergonomics/

xii
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of context, date or time of genuine content” (Wardle and Derakhshan,
2018). xi, 20, 21

mere exposure effect “Mere repeated exposure of the individual to a stimulus
object enhances his attitude toward it” (Zajonc, 1968). The original paper
refers to perceptible stimuli, but a later paper includes subconscious or
subliminal stimuli (Zajonc, 2001). 29

misinformation “Unintentional mistakes such as inaccurate photo captions,
dates, statistics, translations, or when satire is taken seriously” (Wardle
) ) )

and Derakhshan, 2018). 21

negativity bias Negative events have a far greater effect on our psychological
state than similar strength neutral or positive events. 23, 28

positivity effect A developmental pattern: “Whereas negative material appears
to be especially salient in youth, a shift evident in middle age and extending
into old age appears to occur such that positive material is increasingly
favored.” Evidenced in both recollection, and fMRI scans showing amygdala
activation. (Carstensen and Mikels, 2005). 29

publication bias “Studies with significant or positive results were more likely to
be published than those with non-significant or negative results.” in research
(Song et al., 2010). However, in news media negative news is more prevalent
(Galtung and Ruge, 1965). 21

sampling bias The sample used is not representative of the population due to
non-random means. 21

sampling strategy Given a prompt, an LM produces a probability for each
token in its vocabulary as the output, the sampling strategy is the method
to determine which token should be chosen. ArgMax chooses the token
with the highest probability. Top-k chooses a token from the top-k highest
probabilities, e.g. k=20 choose from the 20 highest probability tokens. Top-
p chooses a token from the cumulative top-p probabilities. Random chooses
a token at random, etc. 18, 33

somatic marker hypothesis Emotional processes guide decision making. We
associate bodily feelings with emotions from specific situations that we were
in. When we are subsequently in the same or similar situation, the recalled
feelings from previous experience guide our present decision making. Pa-
tients with damage to the ventromedial pFC (prefrontal cortex) lack these
markers and exhibit poor personal and social decision making (Damasio
et al., 1996). 28

Surprise Negativity Anger Paradigm (SNAP) refers to the disproportion-
ate use of surprise, negativity, and anger in communication. See preliminary

experimental results in Appendix E. 23, 30

xiil



system 1 The intuitive process of human reasoning in dual process theory, also
called Type 1, which is fast, instinctive and emotional. System 1 is auto-
matic, and does not lend itself to introspection (Wason and Evans, 1974).
28, 35

system 2 The reasoned process of human reasoning in dual process theory, also
called Type 2, which is slower, more deliberative, and more logical. System

2 is used for effortful mental activities, for example complex calculations
(Wason and Evans, 1974). 28, 35

unconscious thought theory UTT distinguishes between two modes of
thought, namely conscious thought and unconscious thought, which have
different characteristics that make each mode preferable in different
circumstances. (Dijksterhuis and Nordgren, 2006). xi, 28, 29

WEIRD An acronym for people from Western, Educated, Industrialised, Rich
and Democratic societies (who tend to be over-represented in many studies
but are not representative of the population (< 12%). (Henrich et al., 2010).
21

zeigarnik effect The ability of interrupted and incomplete tasks (that we want
to complete) to dominate our attention, thus decreasing performance on
the current task. See also attention residue. x, 30
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How Emotions Can Help Detect Synthetic Text

Alan Cowap

Abstract

Question: Can you tell whether any of this thesis was written by AI? Re-
cent developments in generative Al have shone a spotlight on high performance
synthetic text generation technologies. The wide availability and ease of use
of such models highlights the urgent need to provide equally powerful tech-
nologies capable of identifying synthetic text. With this in mind, we draw
inspiration from psychological studies which suggest that people can be driven
by emotion and encode emotion in the text they compose. We hypothesise that
pretrained language models (PLMs) have an affective deficit because they lack
such an emotional driver when generating text and consequently may generate
synthetic text which has affective incoherence i.e. lacking the kind of emotional
coherence present in human-authored text. We subsequently develop an emo-
tionally aware detector by fine-tuning a PLM on emotion. Experiment results
indicate that our emotionally-aware detector achieves improvements across a
range of synthetic text generators, various sized models, datasets, and domains.
We compare our emotionally-aware synthetic text detector to ChatGPT in the
task of identification of its own output and show substantial gains, reinforcing
the potential of emotion as a signal to identify synthetic text. These findings
support the hypothesis that PLMs may have an affective deficit. Next, we in-
vestigate the hypothesis that synthetic text may be affectively incoherent. We
create a novel flexible evaluation framework and use it to select an emotion
classifier to generate an affective profile for 10k human and synthetic news arti-
cles. Our analysis of the human and synthetic affective profiles show that they
are similar, but synthetic text is more affectively incoherent and less affectively
coherent, than human text. Answer: Al wrote none of this thesis, but how do
you know for certain? This lack of certainty motivates the task of synthetic
text detection.
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Chapter 1

Introduction

1.1 Thesis Topic

Synthetic text, i.e. text generated by Artificial Intelligence (Al), is revolution-
ising many aspects of how we work. However, synthetic text raises serious
concerns including attribution, accuracy, authenticity, ethical issues, and data
security (Brown et al., 2020). Attribution of text, as human or synthetic, mo-
tivates the task of synthetic text detection and is the focus of this thesis.

In this thesis we hypothesise that language models, which generate synthetic
text, have an affective deficit i.e. an inability to properly represent emotions;
and this affective deficit manifests itself in the generated synthetic text which
can be affectively incoherent. In our first set of experiments, we exploit this af-
fective deficit by creating an “emotionally-aware” language model and compare
it against a standard language model in the task of synthetic text detection.
The remainder of this thesis addresses the affective incoherence of synthetic
text. We develop a flexible and extensible metric that allows us to measure
and evaluate, at a fine-grained level, the performance of emotion classifiers.
We use this metric to evaluate and choose an emotion classifier tailored to our
needs. We then use this emotion classifier to compare and contrast the affective
coherence of human and synthetic text.

Modern Pretrained Language Models (PLMs) can surpass human-level base-



lines across several tasks in general language understanding (Wang et al., 2018,
2019) and can produce synthetic text that can exceed human level quality, such
as synthetic propaganda thought to be more plausible than human written pro-
paganda (Zellers et al., 2019). PLMs have been used to generate disinformation
(Zellers et al., 2019; Brown et al., 2020), left- or right-biased news (Gupta et al.,
2020), fake comments (Weiss, 2019), fake reviews (Adelani et al., 2019), and
plagiarism (Gao et al., 2022) and can generate synthetic text at scale, across
domains, and across languages. The increasing high quality of synthetic text
from larger and larger PLMs (and more recently LLMs - Large LMs, such as
GPT 3 (Brown et al., 2020)) brings with it an increasing risk of negative impact

due to potential misuses.

Veracity (True - False) vs. Source (Human - Synthetic) for Text

False 1

(0,0) Human text & True
(0,1) Human text & False
(1,0) Synthetic text & True
(1,1) Synthetic text & False

0.5
(0.5,0.5) Hybrid text & partial

truth (Half-human half-synthetic,
half-true, half-false) etc.

True

0 0.5 1

Human Synthetic

Figure 1.1: Two dimensional representation of the Truth/Falsehood of Hu-
man/Synthetic text. Our research focuses on the X-axis i.e. human versus syn-
thetic text detection.

In this thesis, we focus on the task of synthetic text detection. As illus-
trated in Figure 1.1, it is not simply the case that human text is true, and
synthetic text is false, there are a continuum of values across the two dimen-
sions. Truthful human journalism would reside at grid location (0,0), human
fake news is at (0,1), while half-truths may be at (0,0.5). Synthetic text like
Summarization, Machine Translation would reside at (1,0) given a true source
and a non-hallucinating generator, while Grover prompted with propaganda
might be at (1,1). This research focuses on the X-axis - detecting synthetic

text.



Due to the potentially profound consequences of global synthetic disinfor-
mation we focus mainly, but not exclusively, on the detection of synthetic text
in the news domain.! Synthetic news has already been published on one highly
reputable media website, only later to be withdrawn and apologies issued for
the “breach of trust” (Crowley, 2023a,b).

Current approaches to synthetic text detection tend to focus on learning
artefacts from the output distribution of PLMs (Gehrmann et al., 2019; Pil-
lutla et al., 2021; Mitchell et al., 2023), e.g. increased perplexity caused by
nucleus sampling (Zellers et al., 2019). However, PLM distributions are depen-
dent on training data and numerous hyperparameter choices including model
architecture and sampling strategy. This gives rise to a combinatorial explo-
sion of possible distributions and makes the task of synthetic text detection
very difficult. Furthermore, it is not unexpected that performance decreases
when classifying out-of-distribution instances, and there is a growing field of
work investigating this shortcoming (Yang et al., 2023).

In this thesis, we consider not only the PLM output distribution, but also
the other side of the synthetic text detection coin — human factors. We present a
novel approach to the task of synthetic text detection which aims to exploit any
difference between the expression of emotion in human-authored and synthetic
text. We introduce the term affective coherence to refer to text comprising
consistent (i.e. the same or similar) emotions. We introduce the term affective
incoherence to refer to text comprising inconsistent (i.e. different or dissimi-
lar) emotions. (We provide an example of each further below.) In Chapter 6 we
introduce several ways to measure affective coherence and affective incoherence.

Neural word representations can have difficulty with emotion words, and
PLM sampling strategies (i.e. how the next word or token is selected) are
stochastic rather than driven by emotion — we use the term affective deficit

to refer to these shortcomings of language models. As a result of the language

!The news domain is recognised as having high emotional content (Strapparava and Mihal-
cea, 2007; Bostan et al., 2020). See also Appendix C.



models affective deficit, the generated synthetic text can express emotion in an
incoherent way, i.e. synthetic text can be affectively incoherent. To be clear,
we do not contend that synthetic text is devoid of emotion, rather that the
emotional content of synthetic text may be affectively incoherent, and that this
affective incoherence stems from the underlying affective deficit of the PLM.
Our hypothesis that human text is affectively coherent and synthetic text is
affectively incoherent is based upon the differences between human text gener-
ation and synthetic text generation (which we describe in §2.3 and §2.2 respec-
tively). We point out that, despite the hypothesis, it is possible for synthetic
text to exhibit affective coherence (e.g. this would be expected even in a random
scenario, or where the language model parrots human text), and for human text
to exhibit affective incoherence (e.g. for plot development, or a happy ending
to a sad story). That said, the current work is primarily focused in the news
domain rather than creative writing. Furthermore, Wang et al. (2020b) report
that human dialogue exhibits emotional consistency whereby similar emotions
tend to appear adjacent to one another, while dissimilar emotions seldom do.
For the purpose of demonstration of the affective deficit that we believe to
be characteristic of text produced by PLMs, we provide the following simple
example of human- versus machine-authored text with
highlighted in and negative emotion words in pink. One shows coherent
emotion expected of human-authored text, while the other demonstrates affec-

tive incoherence (see footnote? to reveal which was synthetic/human-authored

text).

1. Roberts chuckled when asked if he was to be on the other team now
when Puig’s name comes up. “Yeah, I am .7 he said,

2. I'm really for him. Qwer the course of those three seasons, the 25-

year-old has gone from rolling to poor to worse and old.

2(1) is human-authored while (2) is synthetic text. Both are from the NEWSsynth dataset
(see §3.2.2).



In this simple example, we have demonstrated one kind of affective incoherence
present in synthetic text but we suspect that there are additional and more
complex emotional patterns that might go undetected by humans. To reiterate,
we hypothesise that the affective deficit of PLMs could result in synthetic text
which is affectively incoherent, which could be useful in distinguishing it from

human text.

1.2 Research Questions

Given the context of synthetic text detection as an important task, and the po-
tential affective deficit of language models manifesting as affective incoherence
in synthetic text, the overarching hypothesis of this research is that the task
of synthetic text detection can be improved by exploiting emotion.

To address this hypothesis, we explore the following four research questions.

RQ1 - Can the performance of automatic synthetic text detectors be
improved by making them ‘emotionally-aware’ compared to standard
detectors? We investigate this hypothesis in RQ1 and provide examples of

the improved performance of emotionally-aware detectors in §3.3.

We use a transfer learning (Pan and Yang, 2010) method to fine-tune an
“emotionally-aware” detector model. By fine-tuning a PLM first on emotion
classification and then on our target task of synthetic text detection, we demon-
strate improvements across a range of synthetic text generators, various sized
models, datasets and domains. Furthermore, our emotionally-aware detector
proves to be more accurate at distinguishing between human and ChatGPT

text than (zero-shot) ChatGPT itself.

Finally, we create two new datasets: NEWSsynth, a dataset of 20k human
and synthetic news articles, and ChatGPT100, a testset of 100 human and

ChatGPT texts on a range of topics. All code, models and datasets are publicly



available to aid future research.?

Having demonstrated the affective deficit of PLMs in RQ1, we next inves-
tigate the affective coherence of human and synthetic text. We do this by
generating an affective profile (RQ4), a term we introduce to refer to the emo-
tional content and characteristics of human and synthetic text, for human and
synthetic articles. For this purpose, an affective profile refers to the sequence
of emotions in an article, or portion of an article, at the sentence level. Before
we can generate an affective profile we need an appropriate emotion classifier
(RQ3), and in order evaluate and choose an emotion classifier we must use an

appropriate metric (RQ2).

RQ2 - Is it possible to develop a framework for measuring and evalu-
ating classifiers of Plutchik’s 8 emotions which takes account of their
dimensional relationship? FEmotion classifiers are most frequently evalu-
ated in NLP emotion literature using F-score (Alswaidan and Menai, 2020),
along with Accuracy, and Precision and Recall (Kusal et al., 2023). A feature
of these metrics is that they are binary, because a prediction is either correct
or incorrect, and they give an output in the range 0..100%. In choosing a
metric for evaluating emotion classifiers we first consider which emotion model
to use. In RQ1 we use Ekman’s 6 basic emotions which represent 6 indepen-
dent emotions (Ekman, 1999). However, there are dimensional models which
place an order and relationship between emotions. The most commonly used
dimensional emotion model in NLP literature is Plutchik’s Wheel of Emotion
(Plutchik, 1980, 2001).

The obvious natural choice is to use the commonly used metrics for measur-
ing and evaluating the emotion classifiers. However, if we exploit the relation-
ship between Plutchik’s 8 emotions and specify a numerical difference between
each pair of emotions - then we can use it to measure a more fine-grained and

nuanced difference between two emotions - rather than a simple binary mea-

3https://github.com/alanagiasi/emoPLMsynth
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surement of correct or incorrect. Furthermore, we can define a mathematical
equation to calculate this difference and output a value in the range 0..100%
- which is familiar to the affective NLP community. We address this task in
RQ2 and contrast our novel metric with Accuracy and two commonly used
error-based metrics i.e. mean absolute error (MAE) and root mean squared
error (RMSE). In addition, we will use this metric in RQ4 when we measure
affective coherence in human and synthetic articles, but first we use it in RQ3

to evaluate emotion classifiers.

RQ3 - Can we exploit the dimensional relationship between
Plutchik’s 8 emotions to enable optimal selection of an automatic
emotion classifier? We can now use our novel evaluation metric from RQ2
to evaluate emotion classifiers. However, there is no emotion classifier for
Plutchik’s 8 emotions in the news domain, nor is there a dataset for Plutchik’s
8 emotions in the news domain. Nonetheless, there are many PLMs that we
can fine-tune on this task by modifying existing datasets. As such, we take
two datasets in the news domain labelled with emotions, GoodNewsEveryone
(Bostan et al., 2020) and AffectiveText (Strapparava and Mihalcea, 2008),
and map the emotions defined in the datasets to Plutchik’s 8 emotions. We
use this combined and customised dataset to fine-tune PLMs in the task of
emotion detection. We evaluate the PLMs using our novel metric, in addition
to F-score, MAE, and RMSE, and select the highest performing model to

generate affective profiles in RQ4.

RQ4 - Can we generate and compare the affective profile of human
text and synthetic text? Equipped with a suitable emotion classifier from
RQ3, we generate affective profiles and investigate the affective coherence of
human and synthetic articles. We take inspiration from the use of n-grams
in classical NLP, which refers to sequences of adjacent tokens, and generate

n-grams of emotions at the sentence level. We define affective coherence as a
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sequence of unchanging emotions, in contrast to affective incoherence which
is a sequence of changing emotions. We further investigate human and syn-
thetic text by comparing the affective coherence in each article. We also take
advantage of our custom metric, from RQ2, and use it to measure affective
coherence - thereby demonstrating its flexibility and extensibility as a metric,
and allowing us to numerically compare the affective coherence of human and
synthetic text. We demonstrate that the affective coherence of human text and
synthetic text is similar - but slightly different - human text is slightly more
affectively coherent, and slightly less affectively incoherent, than synthetic text.
Our statistical analyses show the differences between human and synthetic text
are statistically significant (p < .001).
We present the following novel contributions:
1. Demonstrated that emotion can help in the task of synthetic text detection.
2. NEWSsynth - a dataset of 20k human and synthetic (Grover) news articles.
3. ChatGPT100 - a dataset of 100 human and synthetic articles (ChatGPT)
in various domains.
4. Multiple PLMs fine-tuned on emotion classification for Plutchik’s 8 emo-
tions, and Ekman’s 6 emotions.
5. Multiple datasets customised with emotion mappings to Plutchik’s 8 emo-
tions, Ekman’s 6 emotions, and sentiment.
6. ¢ a novel flexible framework for evaluating classifiers (of dimensional emo-
tions, and more).

7. An analysis of affective profiles in human and synthetic text news articles.

1.3 Thesis Structure

The remainder of this thesis is outlined below:

Chapter 2: Related Work This chapter provides the background to two

main topics relevant to this thesis, discussing relevant literature and identifying
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the research gap this thesis addresses. First, we discuss language models in the
context of synthetic text generation and detection, noting how they continue to
improve but still pose challenges - including their dual-use for good and for bad.
We describe the motivation for, and the difficulty with, the task of synthetic
text detection. Second, we discuss human factors (particularly emotion) and
how emotion plays a pivotal role in human cognition, and this may be absent
from language models (affective deficit) causing synthetic text to be affectively
incoherent - which we attempt to exploit in the task of synthetic text detection.
The chapter also briefly describes relevant measurements and metrics used in

this thesis.

Chapter 3: Improving Neural Detection of Synthetic Text via Emo-
tion Recognition This chapter aims to answer RQ1: Can the performance
of automatic synthetic text detectors be improved by making them ‘emotionally-
aware’ compared to standard detectors?. It describes our primary experiments
which demonstrate the benefit of exploiting emotion in the task of synthetic
text detection, and are indicative of the affective deficit of language models.

We first describe how we create NEWSsynth - a dataset of 20,000 human
and synthetic news articles, used throughout this thesis. We contrast the per-
formance of “emotionally-aware” language models versus otherwise equivalent
standard language models, in the task of synthetic text detection. We do this
using different size language models for text generation and for detector models,
in different domains, and use different language model architectures; obtaining
consistent improvements for the “emotionally-aware” models. We suggest these
results are indicative of the affective deficit of language models.

We conduct additional experiments investigating the relative length of hu-
man and synthetic text - in order to rule it out as a proxy for predicting syn-
thetic text. We conduct experiments using different combinations of emotion
and sentiment to create the “emotionally-aware” detector and compare their

performance; and use the results to inform our choice of emotion datasets in this



experiment, and in our later experiments in RQ3. We conducted an experiment
comparing our detectors (standard and emotionally-aware) against ChatGPT
at detecting ChatGPTs own text (in a dataset we created ChatGPT100), the
purpose being to see how our technique worked with LLMs like ChatGPT as
opposed to the PLMs we primarily used.

The results in this chapter are indicative of the affective deficit of language
models. The remaining experimental chapters are aimed towards investigating

the affective coherence of human and synthetic text.

Chapter 4: 1 - a Novel Evaluation Framework (for Dimensional Emo-
tion Classifiers) This chapter aims to answer RQ2: Is it possible to develop
a framework for measuring and evaluating classifiers of Plutchik’s 8 emotions
which takes account of their dimensional relationship?. It introduces 1, our
novel evaluation metric, describing the motivation and inspiration behind its
development.

We describe the rationale and derivation of the various components of the
1 equation. We demonstrate its use in a toy example and provide a detailed
comparison between v, Accuracy, MAE and RMSE. The inspiration for v is
borne, on the one hand, from the dimensional relationship between emotions in
Plutchik’s Wheel of Emotion (Plutchik, 1980, 2001), and, on the other hand,
due to the failure of typical metrics like Accuracy and F-score to measure this
dimensional relationship. We introduce ¢, a measure of emotion similarity,
which we use to measure the ‘distance’ between emotions, and which allows us
to define a ‘loss’ between, for example, a gold label emotion and a predicted
emotion. We generalise this loss into a loss function, ¢(¢), which can be specified
in numerous ways to suit user requirements - thus providing flexibility and
extensibility. We then add terms to the ¥ equation so the loss is summed and
converted to a percentage score. We do this to allow consistent comparison of
1 scores and because it is familiar to the affective NLP research community

(Accuracy, F-score, Precision, and Recall are the commonly used metrics and
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all are percentages). We also use J as a means to calculate MAE and RMSE
scores for emotion classification, and compare and contrast these with ¢ and
Accuracy. We do this for our toy example in this chapter, and in RQ3 we use
real-world examples (when fine-tuning PLMs and LLMs) to correlate 1) with
F1,, MAE, and RMSE.

We employ v, in the first instance, to evaluate the performance of emotion

classifiers in RQ3, and demonstrate its flexibility and extensibility in RQ4.

Chapter 5: Developing and Selecting a Dimensional Emotion Clas-
sification Model This chapter aims to answer RQ3: Can we exploit the
dimensional relationship between Plutchik’s 8 emotions to enable optimal selec-
tion of an automatic emotion classifier?. It describes how we fine-tune, and
(using ¥ from RQ2) evaluate and select a custom emotion classifier.

We describe how we take advantage of our findings from RQ1, relating to
which emotion datasets used for fine-tuning resulted in the best performing lan-
guage models, and combine those datasets to create a custom dataset mapped
to Plutchik’s 8 emotions in the target domain of news. We use our custom
dataset to fine-tune 15 language models in emotion classification, and we cre-
ate 6 ensembles of models. We use ¢ to evaluate and select the best performing
model or ensemble overall. We describe related work using zero-shot Natural
Language Inference (NLI) for emotion classification, and we report our results
using this technique on 15 diverse language models. Based on the ¢ score, we
select the best performing model from our fine-tuning and zero-shot NLI ex-
periments. This model will be used in RQ4 to classify emotions and generate

affective profiles for human and synthetic text.

Chapter 6: Affective Profiling of Human and Synthetic Text This
chapter aims to answer RQ4: Can we generate and compare the affective profile
of human text and synthetic text?. It describes how we generate and compare

the affective profiles of human and synthetic text. It brings together aspects of
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the previous three chapters, and is the culmination of the previous two chapters.

We use our NEWSsynth dataset from RQ1, our ¥ metric and J-profile from
RQ2, and our top-performing emotion classifier from RQ3. We use the emotion
classifier to predict emotion at the sentence level. We define the affective profile
of an article as the sequence of emotions in that article, and we describe how
we use the affective profile to measure affective coherence. Recall that in RQ1
our results were indicative of the affective deficit of language models, and we
are now investigating if that affective deficit results in synthetic text which
is affectively incoherent. Therefore, we use the affective profile of an article
to investigate its affective coherence so we can compare human and synthetic
text. We compare human and synthetic text - at the article level, and at the
n-gram of emotion level (using n-grams of emotion of length n = 2, 3, 4, and
5). Additionally, we use the d-profile of an article to compare human and
synthetic text, and use the ¢ metric to measure the affective coherence of an
article. We repeat some of these experiments using sentiment, by mapping our
custom dataset to binary sentiment. We see a consistent pattern of results
repeat itself across all of the experiments in this chapter, which inform our
conclusions on the affective coherence of human and synthetic text. Our results
consistently demonstrate that human and synthetic text display similar, but
slightly different, affective coherence and affective incoherence. Our statistical
analyses show the differences between human and synthetic text are statistically
significant (p < .001). The results also show a very weak, or weak, correlation
between the affective coherence of a human article (used as prompt to a PLM)

and the corresponding generated synthetic article.

Chapter 7: Conclusion This chapter summarises the original contributions
of this thesis, and revisits each of the Research Questions. It addresses the

limitations of this work, and identifies directions for future work.
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1.4 Publications

During this research the work described mainly in RQ1 (Chapter 3) was pub-
lished in the following paper:

Cowap, A., Graham, Y. and Foster, J. (2023) ‘Do Stochastic Parrots have
Feelings Too? Improving Neural Detection of Synthetic Text via Emotion
Recognition’, in H. Bouamor, J. Pino, and K. Bali (eds) Findings of the
Association for Computational Linguistics: EMNLP 2023. Findings 2023, Sin-
gapore: Association for Computational Linguistics, pp. 9928-9946. Available
at: https://aclanthology.org/2023.findings-emnlp.665 (Accessed: 12
December 2023).

A related collaborative project involving pretraining and fine-tuning a
PLM (gaBERT - the first published Irish language model), which informed our
experimental method for RQ1 and RQ3, was published in the following paper:

Barry, J., Wager, J., Cassidy, L., Cowap, A., Lynn, T., Walsh, A.
O’Meachair, MJ., Foster, J. (2022) ‘gaBERT — an Irish Language Model’, in
Proceedings of the Language Resources and Evaluation Conference. Marseille,
France: European Language Resources Association, pp. 4774-4788. Available

at: https://aclanthology.org/2022.1rec-1.511.

Papers describing work from RQ2-4 (Chapters 4-6) are being prepared
for submission to the ACL journal ‘Transactions of the Association for
Computational Linguistics’ (TACL), and ACL Rolling Review (for EACL,
NAACL, or ACL):

Cowap, A., Graham, Y. and Foster, J. (2024) ‘¢ - a Flexible Framework for
Evaluating Classifiers: Demonstrated on emoRoBERTa - a Dimensional Emo-
tion Classifier for Plutchik’s 8 Emotions’, TACL Submission expected Septem-
ber - October 2024.

Cowap, A., Graham, Y. and Foster, J. (2024) ‘Human or Machine? - Con-
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trasting Human and Synthetic Text using Affective Profiles’, ARR Submission

expected August - October 2024.
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Chapter 2

Related Work

2.1 Introduction

In this chapter we consider two distinct areas of research which our work brings
together. We consider Language Models (§2.2) in the context of synthetic text
generation and detection. We consider Human Factors (§2.3) such as human
cognition and the key role played by emotion. We highlight emotion as a key
difference between humans and language models, and how our work focuses on
exploiting emotion to help detect synthetic text. We draw the readers attention
to the Glossary, located after the Table of Contents, which serves as a convenient
reminder of some key phrases (typically printed in italics) used in this thesis
and from psychology literature.

First, we consider language models (LM) and the body of research concern-
ing synthetic text generation and detection. We identify research gaps, in the
task of synthetic text detection, which this work attempts to address. We will
see how language models are continually improving and pose many challenges
(§2.2.1) such as bias, and of particular interest to this work - their dual use
(§2.2.2). This dual use motivates the task of synthetic text detection (§2.2.3)
which remains a difficult task (§2.2.4).

Secondly, we consider the other side of synthetic text detection - human

factors (particularly emotion) - and their effect on human authored text. We
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discuss human cognition and its inherent biases (§2.3.1), and how emotions
appear specific to humans and animals (§2.3.2). We address the question of
whether we can exploit emotions in the task of synthetic text detection (§2.3.3)
and discuss how identifying emotions remains a difficult task (§2.3.4). We finish

with a brief look at measuring and metrics (2.4).

2.2 Language Models

2.2.1 Language Models Continue to Improve, but Still

Pose Challenges

In this subsection we discuss word counts vs vectors, sparse vs dense vectors,
static vs dynamic embeddings, and causal vs masked LMs. An LM is a prob-
abilistic representation of a language. Early LMs counted the occurrence of a
single word, or sequence of words called n-grams, to calculate the probability
of a sequence of words and predict which word is most likely to come next.
These models could not properly handle words unseen during training, i.e out-
of-vocabulary words, although this is mitigated using smoothing techniques.
They generated synthetic text that was semantically incoherent, and while in-
creasing n-gram size improved readability, it tended to reproduce training text
rather than generate new text.

Words can also be represented as vectors. A vector is a series of numbers
which can be represented as dimensions in hyperspace, and also allows for words
to be compared using vector distance. The more similar two vectors, measured
by dot product or cosine similarity, the more similar the words.

Sparse vector embeddings such as one-hot-encoding can grow unwieldy (e.g.
50,000 dimensions) and this comes at a memory and compute cost. Dense vec-
tors like word2vec (Mikolov et al., 2013), GloVe (Pennington et al., 2014), and
fastText (Bojanowski et al., 2017) are typically 50-1,000 dimensions. Most

vectors produce distributed representations of words which consider the con-
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text (i.e. surrounding words) in which a word occurs based on the distribu-
tional hypothesis (Wittgenstein, 1953, PI 43)(Firth, 1957). This means out-
of-vocabulary words are easily and accurately handled based on the context.
Dense vectors can capture semantic relationships between words e.g. “man
is to king”, as “woman is to _____ and the LM correctly predicts “queen”
(Pennington et al., 2014). Semantic relationships between words are not with-
out their biases (Bolukbasi et al., 2016). In addition, word representations do
not differentiate antonyms from synonyms (Santus et al., 2014). GloVE and
word2vec embeddings do not perform well at distinguishing opposing emotions
(e.g. joy-sadness) (Seyeditabari and Zadrozny, 2017).

Another property of embeddings is whether they are static or dynamic.
Static embeddings have a single representation for each word which is prob-
lematic for polysemous words e.g. “trust” is a financial instrument and an

1

emotion.” Dynamic embeddings solve this by allowing multiple senses of a

word to be represented by multiple embeddings.

Recurrent Neural Networks (RNNs) bring together dynamic embeddings,
dense vectors, and the distributional hypothesis, by taking a whole sentence as
input and encoding word embeddings for each word in the sentence by includ-
ing information from nearby words. The Long Short Term Memory (LSTM)
network (Hochreiter and Schmidhuber, 1996) is one type of RNN which gained
widespread use in NLP because it handles longer input sequences better than a
standard RNN. The Bidirectional LSTM (BiLSTM) (Graves and Schmidhuber,
2005) improves upon the LSTM by considering the context on both sides of a
given word from the input sequence. It achieves this by doing a forward pass
through the input sequence to a forward LSTM, and a backward pass through
the input sequence to a backward LSTM, and then combining the hidden states
of the two LSTMs. ELMo (Embeddings from Language Models) uses a bidirec-

tional LSTM to create contextualised word representations based on the whole

In a preliminary experiment we use semantic relationships, between static embeddings, and
demonstrate this shortcoming. We describe the experiment in Appendix D.
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input sequence, which allows it to handle polysemous words and show improve-
ments in several tasks including sentiment analysis (Peters et al., 2018). ELMo
is a Pretrained Language Model (PLM) which is subsequently fine-tuned on
specific downstream tasks, with relatively small amounts of data, thereby tak-
ing advantage of the ELMo word representations learned from pretraining on

a large dataset.

Deep learning models advanced from RNN, LSTM, BiLSTM, to the Trans-
former (Vaswani et al., 2017). Transformers transformed the field of NLP by do-
ing away with recurrence and using attention mechanisms. Self-attention is an
attention mechanism which computes representations for an input sequence by
relating different positions of the input sequence. In other words, self-attention
measures how useful the current input word is to another word in the input
sequence, based on some arbitrary task e.g. language modelling. Crucially,
self-attention calculations are parallelisable, making transformer-based models
much quicker to train. Transformers use an encoder and/or decoder architecture
with attention mechanisms. In simple terms, the encoder converts a sequence
of tokens into a vector, while the decoder converts a vector into a sequence
of tokens. Transformer based LMs can be categorised as Causal LMs (CLM)
or Masked LMs (MLM). CLMs use a stacked Decoder architecture that masks
future tokens and this makes them suitable for generating text. For example,
given the prompt “The man sat on 7 the CLM will generate a probability for
each token in its vocabulary and choose the next token using a sampling strategy
(e.g. argmax, beam search, random, top-k, top-p) to return say “a”. This new
token is appended to the original prompt to create a new prompt “The man
sat on a” and the cycle continues generating more synthetic text. MLMs use a
stacked Encoder architecture which can mask tokens anywhere in the text and
this makes them particularly suitable for classifying an input sequence. The
prompt for an MLM will be like a cloze-test, for example, given the prompt

“The man [MASK] on a chair” the model will assign probabilities and use a
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sampling strategy to return say “sat” or “stood”.

Pretrained Transformer-based models can be finetuned for user-specified
tasks using relatively small amounts of data and compute. Fine-tuning is a very
efficient way to take advantage of the learned word embeddings of a PLM and
modify those embeddings (particularly the final layers) to improve performance
on a specific task (Rogers et al., 2021). PLMs perform well on multiple tasks in-
cluding the General Language Understanding Evaluation (GLUE) benchmark,
which consists of nine diverse linguistic tasks across different domains (Wang
et al., 2018) and the more difficult SuperGLUE benchmark (Wang et al., 2019).
LMs currently occupy all the top spots while non-expert human baselines cur-
rently lie in 23rd position on the GLUE leaderboard? and 8th position on the
SuperGLUE leaderboard.® We will use fine-tuned PLMs and their dynamic
dense vectors to both generate and detect synthetic text. For our primary ex-
periments in RQ1, we use a CLM for synthetic text generation and an MLM for
synthetic text detection and emotion classification. The CLM used is Grover
(Zellers et al., 2019) which has the same architecture as GPT-2 (Radford et al.,
2019), and the MLM used is BERT (Devlin et al., 2019).

The last couple of years have seen the introduction, and global impact, of
Large Language Models (LLM). LLMs are much larger (billions and tens-of-
billions of parameters) and more human-aligned than PLMs. LLMs undergo
a second training or “alignment” phase using Reinforcement Learning from
Human Feedback on top of the underlying LLM - for example GPT 3.5 (Ouyang
et al., 2022; OpenAl, 2022). Nonetheless, LLMs have issues which remain
unresolved, such as hallucination, toxicity, and data privacy. We will use LLMs
such as GPT 3.5 and BLOOM (Scao et al., 2023) in RQ1 and RQ3.

LMs have improved from count-based n-grams, to word embeddings, to
PLMs, and the current state-of-the-art LLMs. While LMs are improving, they

continue to pose challenges. We now turn to some further issues with LMs -

’https://gluebenchmark.com/leaderboard accessed on 04-June-2024.
3https://super.gluebenchmark.com/leaderboard accessed on 04-June-2024.
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their dual use and bias.

2.2.2 Language Models are Dual-Use and Biased

LMs have been successfully deployed in a wide variety of applications including:
information retrieval e.g. Google Search uses BERT;* Microsoft uses GPT-3
for text-to-SQL generation;®> Woebot Health deployed a chatbot which creates
“therapeutic bonds” with users while adapting to their emotional state and
cognitive ability.® Other applications include: rewriting a food recipe given di-
etary restrictions (e.g. vegan) (Hegel et al., 2020); Machine Translation; Auto-
completion; Summarization; supporting endangered and low resource languages
(Barry et al., 2022) etc.

LLMs continue to have a global impact, which started with the public launch
of ChatGPT (OpenAl, 2022). Very quickly, concerns about ChatGPT plagia-
rism arose (Gao et al., 2022). Microsoft launched Copilot” a chat-based as-
sistant intended to replace standard search, with Google using Gemini for Al
powered search®.

However, concerns about the misuse of powerful LMs led to the staged re-
lease of GPT-2° and contributed to the restricted release of GPT-3.1° LMs can
be finetuned at little to no cost using freely available resources and their misuse
has been demonstrated successfully, for example, submitting fake comments to
a US Federal website (Weiss, 2019). Furthermore, bad actors could pretrain
LMs to generate synthetic disinformation or malinformation. Zellers et al.
(2019) demonstrated this potential for misuse with Grover, an LM with the

same architecture as GPT-2 but pretrained on a dataset of 32M news articles.

‘https://blog.google/products/search/search-language-understanding-bert/
Shttps://blogs.microsoft.com/ai/from-conversation-to-code-microsoft-
introduces-its-first-product-features-powered-by-gpt-3/
Shttps://woebothealth.com/
"https://blogs.microsoft.com/blog/2023/09/21/announcing-microsoft-copilot-
your-everyday-ai-companion/
8https://blog.google/products/search/generative-ai-search/
9https://openai.com/blog/better-language-models/
Ohttps://openai.com/blog/openai-api/
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Prompted with human written propaganda, Grover generated synthetic propa-
ganda that was more plausible than the human written propaganda - rated by
human subjects (Zellers et al., 2019). In addition to propaganda, other misuses
of LMs include generating: fake news (Zellers et al., 2019; Brown et al., 2020);
fake reviews (Adelani et al., 2019); fake comments (Weiss, 2019); other possible

misuses are limited only by imagination.

LMs typically have ezposure bias as a result of being trained on (certain
types of ) human text only (Ranzato et al., 2016) and inductive bias as a result of
learning by generalising from specific training examples. Indeed, this inductive
capability differentiates LMs, and machine learning in general, from traditional
declarative programming with data structures and data models. The biases in
datasets used to train LMs can be compounded by sampling biases such as:
sampling online social media which is more likely to be WEIRD'" (representing
less than 12% of the population (Henrich et al., 2010)), young and male (as in
the case of outbound reddit links'? used to train GPT-2); publication bias (Song
et al., 2010); and finally the knowledge effect (Hayes et al., 1986) whereby we
tend not to state the obvious, so LMs may not learn obvious relationships such
as that fire does not normally occur underwater. LMs have biases inherent in
their design which can be compounded by human biases embedded in training

data.

It is important to distinguish between information, misinformation, disin-
formation, and malinformation, as defined by Wardle and Derakhshan (2018).
Using these definitions a third dimension, Purpose, could allow for the dif-
ferentiation of satire (fake news is not always intended to deceive, it can be

satire e.g. Waterford Whispers,'> The Onion'?), hoax, propaganda, and fake

HUWEIRD is an acronym for people from Western, Educated, Industrialised, Rich and Demo-
cratic societies (who tend to be over-represented in many studies but are not representative of
the population i.e. < 12%).

2https:/ /www.pewresearch.org/journalism/2016,/02/25 /reddit-news-users-more-likely-to-
be-male-young-and-digital-in-their-news-preferences/

Bhttps:/ /waterfordwhispersnews.com/

Mhttps:/ /www.theonion.com/
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news from trusted news; a differentiation which has been demonstrated using
linguistic characteristics (Rashkin et al., 2017; Horne and Adali, 2017). How-
ever, while linguistic characteristics can help differentiate the purpose of human
text, they are limited against synthetic text because the style of synthetic text
is consistent regardless of purpose (Schuster et al., 2020).

The potential dangers for misuse of LMs are amplified by their ability to
generate synthetic text at massive scale and speed across domains and lan-
guages, exploiting the pervasiveness of online fora and social media. They are
further exacerbated by human factors including the multitude of biases inher-
ent in human cognition and the resultant impact on human decision making
and action. This human susceptibility to LM dual-use is a primary motivation

for the task of synthetic text detection; and we discuss this topic next.

2.2.3 Why do we Want to Detect Synthetic Text?

We want to detect synthetic text for several reasons, including misinformation
(§1), dual-use issues (§2.2.2), human biases (§2.3.1) and their effect on deci-
sion making and behaviour. Add to that the social impact of NLP including
potential and actual harms (Hovy and Spruit, 2016; Bender et al., 2021). For
example, when consumers purchase goods or services online they often rely on
other people’s reviews to guide their decision, but fake reviews undermine con-
sumer confidence and represent a growing business (Hovy, 2016), and they can
be hard for people to detect (Adelani et al., 2019). Cambridge Analytica and
Facebook arguably played a decisive role in the outcome of the UK ”Brexit”
referendum (Hall, 2021) and US Presidential election (Isaak and Hanna, 2018),
both held in 2016. These are huge impacts. The information harvested for
these targeted advertising campaigns could be combined with user profile data
to create a prompt for generating synthetic text - customised and targeted in-
dividually. We already saw that LMs can generate propaganda that is more

plausible than human written propaganda (Zellers et al., 2019). There is also
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a danger that online misinformation in the form of synthetic text will begin to
pollute the very datasets we use for training LMs. Redefining truth and under-
mining trust are dangerous, and the potential misuse of LMs could contribute

to that harm.

Another reason to detect synthetic text is the potential for exploitation of
the effect of emotion on humans, and our resulting susceptibility to manip-
ulation. More extreme and surprising news is overreported compared to its
statistical occurrence, while less extreme and surprising news is underreported
(Combs and Slovic, 1979). For example, Combs & Slovic found that violent
and catastrophic causes of death are overreported, whereas deaths from stroke,
all diseases, cancers etc. were underreported. Most notably, Combs & Slovic
found that the estimated frequency of causes of death reported by test sub-
jects matched the overreporting and underreporting of the causes of death in
the news coverage. Even when instructed to avoid such biases they persisted
(Lichtenstein et al., 1978) in what appear to be examples of availability bias
(Tversky and Kahneman, 1973). It has long been the case that negative news is
reported more often than positive news (Galtung and Ruge, 1965) and we will
see the significant effect of negativity bias in §2.3.1. Online platforms use en-
gagement based ranking particularly using anger to increase engagement (Berger
and Milkman, 2012; Haugen, 2021) and target specific content at a specific in-
dividual (Hall, 2021). We describe the triumvirate of surprise, negativity, and
anger as the Surprise Negativity Anger Paradigm (SNAP).'> Now that we un-
derstand some of the motivating factors for synthetic text detection, next we

discuss how it remains a difficult task.

15In a preliminary experiment we investigate the distribution of emotions and sentiment in
news headlines compared to general media. We find that Surprise, Negativity, and Anger are
more prevalent in news headlines than in general media. See Appendix E.
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2.2.4 Detecting Synthetic Text is Difficult

People are relatively poor at detecting synthetic text, and have been shown
to score just above random chance (Gehrmann et al., 2019; Uchendu et al.,
2021). Hybrid systems, such as GLTR (Gehrmann et al., 2019) for example, use
automation to provide information to aid human classification, highlighting a
text sequence using colours to represent likeness to the PLM output distribution
such as GPT-2 (Radford et al., 2019). Gehrmann et al. (2019) reported an
increase in detection accuracy of approximately 18% (from 54% to 72%) using
GLTR, while Uchendu et al. (2021) report an F1 score of 46% using GLTR

with a heuristic based on an analysis of human text.

Both human and hybrid approaches involve human decisions, which can
be slow, expensive, susceptible to bias, and inconsistent. Automatic detection
produces the best results for synthetic text detection. This usually involves
training PLMs to detect other PLMs, but zero-shot detection methods also
exist, e.g. DetectGPT (Mitchell et al., 2023). Potentially the best supervised
detector, BERT, can detect synthetic text from 19 different generators with a
mean F1 of 87.99%, compared to 56.81% for hybrid, and worst of all humans
at 53.58% (Uchendu et al., 2021).

Performance of SOTA detectors can however be inconsistent and unpre-
dictable due to several factors specific to both the detector and generator,
including: model size and architecture, training data and domain thereof, sam-
pling strategy, hyperparameter selection, and sentence length. As mentioned
above, Uchendu et al. (2021) showed the best of these models (BERT) achieves
a mean F1 of 87.99% on 19 different synthetic text generators. However, the
mean score hides the wide range (~=53%) of F1’s, ranging from as low as 47.01%
to as high as 99.97%, for distinct synthetic text generators. This volatility may
be due in part to the detector simply learning artefacts of the generator dis-
tribution. RoBERTa is the second best performing model with a mean F1

of 82.80%. Consequently, the task of synthetic text detection is somewhat of
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an arms race with detectors playing catch-up, forced to learn ever-changing
distributions due to the numerous factors that can potentially change those

distributions.

Existing approaches to synthetic text detection exploit properties of syn-
thetic text. Synthetic text can be incoherent and degrade as the length of
generated text increases (Holtzman et al., 2020), perplexity increases with in-
creasing length unlike human text (Zellers et al., 2019), and PLMs are suscepti-
ble to sampling bias, induction bias, and exposure bias (Ranzato et al., 2016).
For example, exposure bias can contribute to brittle text which is repetitive,
incoherent, even containing hallucinations (Arora et al., 2022). Synthetic text
can have an inconsistent factual structure, such as mentioning irrelevant enti-
ties (Zhong et al., 2020). Perhaps unsurprisingly, synthetic text detection is less
difficult with longer excerpts of generated text, for both humans and machines

(Ippolito et al., 2020).

One aspect of writing that has not, up to now, been a focus of synthetic text
detection efforts is the expression of emotion. The problem of encoding emo-
tion was first identified in neural NLP with static embeddings such as word2vec
(Mikolov et al., 2013; Wang et al., 2020a). Static word embeddings have diffi-
culty distinguishing antonyms from synonyms (Santus et al., 2014). This deficit
is present in embeddings for words which represent opposing emotions (e.g. joy-
sadness) (Seyeditabari and Zadrozny, 2017). Furthermore, words representing
opposing emotions can have closer embeddings relative to words representing
similar emotions (Agrawal et al., 2018). There have been various approaches
to address this affective deficit in embeddings, such as transfer learning from
sentiment analysis (Kratzwald et al., 2018), an additional training phase using
an emotional lexicon and psychological model of emotions (Seyeditabari et al.,
2019), and combining separately-learned semantic and sentiment embedding

spaces (Wang et al., 2020a).
Addressing potential affective deficits of PLMs is also the goal of work aim-
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ing to make dialogue systems more empathetic. For example Huang et al.
(2018) force dialogue generation to express emotion based on the emotion de-
tected in an utterance, while Rashkin et al. (2019) follow a similar approach
with a transformer architecture to make the system more empathetic.!'® In
contrast, Wang et al. (2020b) report that human dialogue tends to display con-
sistency in emotional content whereby similar emotions tend to occur adjacent

to each other while dissimilar emotions seldom do.

In this context, the task of emotion classification can benefit from consider-
ing emotions in concert rather than in isolation. Wang et al. (2020b) leverage
what they call “emotional consistency” i.e. the relations between preceding
and succeeding emotions to determine the globally best emotion labels. Labat
et al. (2022) describe “emotion trajectories” i.e. recurring emotion transitions
which they use to improve emotion classification. Wemmer et al. (2024) de-
scribe “emotion progression” which considers the emotions up to the current
sequence when predicting an emotion label. We introduce the term affective

coherence to describe the similarity between consecutive emotions in text.

We hypothesise that, while human text can be affectively coherent - as
indicated by the work of Wang et al. (2020b); Labat et al. (2022); Wemmer et al.
(2024), in contrast, synthetic text may be affectively incoherent as indicated by
the work to improve or control emotion in synthetic text by Huang et al. (2018);
Rashkin et al. (2019) and surveyed for sentiment by Lorandi and Belz (2023).
We first test this hypothesis by fine-tuning emotionally-aware PLMs which show
improvement over non emotionally-aware PLMs in the task of synthetic text
detection described in Chapter 3, and more directly in Chapter 6 where we
compare the affective profile of human and synthetic text for both emotions

and sentiment.

Past work in synthetic text detection has focused on the properties of syn-

6For a comprehensive survey of sentiment control in synthetic text see (Lorandi and Belz,
2023) and for studies of emotion in human writing, see (Brand, 1985, 1987, 1991; Bohn-Gettler
and Rapp, 2014; Knaller, 2017).
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thetic text generators and is yet to take advantage of the factors that potentially
influence human-authored text, such as the emotions humans express in the text
they write. Our work exploits this PLM affective deficit to improve synthetic
text detection. Having discussed LMs in detail, including their ongoing im-
provement and the challenges they pose, and presented the motivation and the

difficulty of detecting synthetic text; we now turn to human factors.

2.3 Human Factors

Our work aims to exploit emotion as a means to detect synthetic text. There-
fore, we discuss human factors and emotions specifically, in contrast to LMs
which we have already discussed. Recognising the differences between human
cognition (and the key role of emotion) and LM stochastic operation can shed

light on the potential for exploiting emotion in detecting synthetic text.

2.3.1 Human Cognition is Dual Process, Bimodal, and

Biased

We now examine human cognition and find it is dual process (Wason and
Evans, 1974; Kahneman, 2003), bimodal (Dijksterhuis et al., 2006) and bi-
ased (Kanouse and Hanson, 1972; Tversky and Kahneman, 1973; Carstensen
and Mikels, 2005; Slovic et al., 2007). We will see that certain aspects of cog-
nition are influenced by emotion which can be susceptible to manipulation and
can influence our judgements and the decisions we make. Cognitive biases also
present problems for accurate dataset annotation, and thus for collators and
annotators of datasets, and the developers and users of systems (including LMs)
built upon those datasets. In order to differentiate human text from synthetic
text it may be instructive to differentiate human cognition from the mechanics
of LMs.

The dual process theory of human reasoning describes human thought as,
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not one, but two processes (or sets of processes) (Wason and Evans, 1974).
These two processes are called by the generic names System 1 and System 2
(Stanovich and West, 2000). Dual process theory describes System 1 as being
intuitive and System 2 as being reasoned (Kahneman, 2003). System 1 is fast,
emotional, instinctive and does not lend itself to introspection - it happens au-
tomatically. System 2 is slower, more deliberative and gives a sense of agency
- you make choices. Moral judgements are intuitive (System 1) and moral rea-
soning (System 2) occurs post-hoc after a judgement has already been reached
(Haidt, 2001) suggesting that it is emotion, not reason or logic, which drives
our judgements. This is a stunning proposition and turns on its head the no-
tion that we rationally deliberate and make decisions, but rather we are driven
by intuitive emotional responses and subsequently rationalise these instinctive
choices. Kahneman (2003) describes intuitive judgements as those judgements
generated by System 1 and not modified by System 2. Our judgements can have
an obvious impact on our decision-making.'” Planning is heavily influenced by
emotion (Camerer et al., 2005); and according to the somatic marker hypothe-
sis emotional processes guide behaviour particularly decision making (Damasio
et al., 1996). The affect heuristic describes how our emotional state can drive
our judgements and decision making, and that these affective responses are
rapid and automatic (Slovic et al., 2007) typical of System 1. Thus, our cog-
nitive reliance on emotion could expose us to manipulation via emotion and
emotive language. Furthermore, our cognition and resulting perception of the
world can be influenced by biases such as negativity bias, availability bias, and
our attention (e.g. associative incoherence (as opposed to associative coher-
ence), unconscious thought theory). We briefly consider some of these biases

next.

Negativity bias causes negative events to have a greater effect on our psycho-

logical state (Kanouse and Hanson, 1972), to be more contagious (Rozin and

1"For a detailed treatment of judgement and decision-making see Eysenck and Keane (2020,
Ch.13).
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Royzman, 2001), and to form quicker and be less resistant to disconfirmation
than similar strength positive or neutral events (Baumeister et al., 2001). In
addition, the positivity effect is a developmental pattern whereby negative mate-
rial is particularly salient in youth but is disfavoured with age (Carstensen and
Mikels, 2005). This means younger people can be disproportionately affected

by negative news and imagery.'®

Awvailability bias skews our judgement regarding the frequency of events, the
easier we find it to recall instances of an event the more frequent we judge
those events to be (Tversky and Kahneman, 1973). This bias has been shown
to persist even when specifically instructed to avoid it, and possible sources
include disproportionate exposure (e.g. mere exposure effect) and memorability
(Lichtenstein et al., 1978). This can be a problem when we are repeatedly
exposed to a subset of information based on engagement based ranking and

recommender algorithms as described by Haugen (2021).

When the associative coherence of System 1 fails we are confounded and
look for coherence by invoking System 2 resulting in a cognitive load that
significantly diminishes performance on subsequent tasks (Afiki and Bar, 2020).
Errors in judgement and decision making can occur because System 1 generates
a faulty intuition, perhaps due to bias, which System 2 subsequently fails to
detect and correct (Morewedge and Kahneman, 2010). Our cognitive process

has flaws which can contribute to believing misinformation.

Cognition is also bimodal.  Unconscious thought theory distinguishes
between two modes of thought, namely conscious thought and unconscious
thought, which have different characteristics making each mode preferable in
different circumstances (Dijksterhuis and Nordgren, 2006). One such example
is demonstrated in the deliberation without attention effect where simple
choices (e.g. buying an oven glove) are better done with conscious thought and

deliberation, but more complex choices (e.g. buying a car) are better done with

8In Appendix E we contrast the prevalence of negative and positive news.
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unconscious thought (assuming you have gathered all relevant information)
(Dijksterhuis et al., 2006).

Attention restoration theory asserts we have a reservoir of directed attention
that requires conservation and restoration to allow for proper cognitive function;
and our environment plays an important role (Kaplan, 2001). The Zeigarnik
effect describes how interrupted tasks can dominate our attention (Zeigarnik,
1927) and negatively impact performance on a new task. Furthermore our at-
tention reservoir is also diminished by attention residue. A compulsive internet
user spending hours in the very engaging and distracting online world is likely
to suffer from an attention deficit, and this can reduce their ability to identify
misinformation.

Having considered some qualities, and vulnerabilities, of human cognition

we turn to a crucial and primary quality of human cognition - emotion.

2.3.2 Emotions are a Particularly Human/Animal Trait

Emotions and their effect on humans have been discussed for millennia. Plato
described people as attempting to drive a chariot drawn by two horses - emotion
and reason (Plato, 370BCE, 246a-b). Aristotle said emotions change us and
affect our judgements (Aristotle, 350BCE, I1.1, 1378a). Aristotle espoused the
importance of emotions to persuade a crowd (Aristotle, 350BCE, 1.2, 1356a)
which resonates with the Surprise Negativity Anger Paradigm described earlier
(§2.2.3). Hsun Tzu (Xunzi) believed man’s nature is evil and our intrinsic
emotions must be controlled (Tzu, 250BCE, 23).

In the nineteenth century different systems of emotions were proposed, in-
cluding: discrete emotions such as fear, anger, disgust etc. (Darwin, 1872); and
dimensions of emotions such as pleasantness and intensity (Wundt, 1896). Both
discrete emotions and dimensional emotions are used in NLP. Discrete emotions
in NLP are now most commonly associated with Ekman’s 6 basic emotions -

joy, sadness, fear, anger, disgust and surprise (Ekman, 1992, 1999). Dimen-
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sional emotions in NLP are now most commonly associated with the Plutchik
Wheel of Emotion (Plutchik, 1980, 2001), as illustrated in Figure 2.1. The
circumplex (i.e. emotions arranged in a circle) represents degrees of similarity
between emotions, the concentric rings represent emotion intensity, while the
emotions in the blank spaces (on the outermost circle) are the primary dyads
i.e. emotions that are a mixture of the two adjacent emotions. The 8 emotions
in the middle ring of the three concentric rings, are the ‘primary emotions’ and
are used in this thesis and by other affective NLP researchers using Plutchik’s
model. The closer two emotions are on Plutchik’s Wheel - the more closely
related those two emotions are. For example, the primary emotions ‘anger’ and
‘disgust’” are adjacent to one another and are therefore closely related; while
‘joy” and ‘sadness’ are on opposing spokes and are therefore opposing emotions,

according to Plutchik (1980, 2001). Our work uses both systems of emotion.

LMs can create embeddings for words which represent emotions, but that
is not to say LMs have “knowledge” or “understanding” of emotion. We dis-
cussed in §2.2.1 the inability of GloVe and word2vec embeddings to distinguish
opposing emotions, and attempts to increase the affective information in non-
contextualised embeddings (Seyeditabari and Zadrozny, 2017; Agrawal et al.,
2018; Kratzwald et al., 2018; Seyeditabari et al., 2019; Wang et al., 2020a).
Other work addresses the human expectation of affective knowledge by trying
to bolt it on to dialogue systems (Huang et al., 2018; Rashkin et al., 2019;
Wang et al., 2020b). All of this work is an implicit acknowledgement that LMs
lack knowledge and understanding of emotion. RQ1 attempts to address the

affective deficit of LMs by finetuning on emotion classification.

Having examined emotions and their role in human cognition, we now pose

the question - can emotions help in the difficult task of synthetic text detection?
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Figure 2.1: Plutchik Wheel of Emotion. The middle ring contains the 8 primary
emotions, which includes Ekman’s 6 emotions (‘joy’, ‘sadness’, ‘fear’, ‘anger’,
‘disgust’, ‘surprise’.) plus ‘trust’ & ‘anticipation’. Similar emotions lie on ad-
jacent spokes e.g. anger-disgust, while opposing emotions are placed on op-
posing spokes e.g. joy-sadness. Image from (Plutchik, 2001), downloaded from
https://en.m.wikipedia.org/wiki/File:Plutchik-wheel.svg.
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2.3.3 Can Emotions Help Detect Synthetic Text?

We previously highlighted deficiencies in LMs with respect to words repre-
senting emotions, and highlighted affective deficiencies in the synthetic text
generated by LMs - as evidenced by attempts to control emotion in LM gen-
erated synthetic text. We reiterate our hypothesis that LMs have an affective
deficit, which can result in generating synthetic text that is affectively inco-
herent. Now, we discuss some differences in the production of synthetic text
and human text, differences which our work attempts to exploit in the task of
synthetic text detection. As with all aspects of cognitive psychology, human
language production, particularly writing, is an active area of research which
is complex and still evolving. As Eysenck and Keane (2020) state: “We know

more about language comprehension than language production”.

The writing model of Hayes (2012) begins with “motivation” followed by
“goal setting”. Hayes (2012) included “motivation”, despite originally omitting
it, because he was convinced it was not possible to adequately account for
how people write without considering motivation. We suggest that LMs lack
both “motivation” and “goal setting”. One could argue that “goal setting”
for a human is akin to “prompting” an LM. We disagree because of the lack
of intent on the part of the LM versus the human. But, even if one were to
concede that point, there is still no LM equivalent for the human “motivation”
in writing. Furthermore, according to Knaller (2017): “One can say that writing
processes are inherently linked to emotions. As a psychophysical process, writing
relates to emotions as a prerequisite for self- and other-experiences, judgments,
evaluations, understanding and perception”. We have already seen the primacy
of emotion in human cognition, in contrast to the affective deficit of LMs; now
we can add human motivation and the lack of motivation for LMs as another

contrast in text generation.

The choice of statistical sampling strategy determines the synthetic text gen-

erated by LMs, with no reference to meaning (Bender et al., 2021). In contrast,
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human intuitions and decisions are not statistical (Tversky and Kahneman,
1971) humans are driven by emotion and can be irrational (Neisser, 1963; Kah-
neman and Tversky, 1979; Thaler, 1980; Damasio et al., 1996; Haidt, 2001;
Camerer et al., 2005; Slovic et al., 2007). This suggests that any distribution of
human text is likely to be far more complex than that represented by LMs or
sampling strategies, and this is evident in the lack of variance of some synthetic
text compared to human text (Holtzman et al., 2020). In addition, the perplex-
ity of synthetic text increases with sequence length compared to human text
(Zellers et al., 2019) i.e. perplexity increases at a faster rate than the increase
in synthetic text length. Sampling strategies can mitigate these variances but
they come at the cost of verifiability (Massarelli et al., 2020) and add artefacts
that make the synthetic text easier to detect (Ippolito et al., 2020). The intent
of human authors (e.g. truth, hoax, propaganda) can be detected using lexi-
cal features (71% Accuracy for fake vs real) (Rashkin et al., 2017; Horne and
Adali, 2017) however synthetic text tends to be stylistically consistent (Schus-
ter et al., 2020). Emotions are the core of human cognition and, according to
Knaller (2017) inherently linked to writing, in contrast, they are absent from

the mechanics of LMs.

These crucial differences between human cognition and LMs may present an
opportunity for synthetic text detection. Humans do not deliberately choose
words based on statistics - LMs are probabilistic and stochastic. LMs attempt
to mimic human text using mathematics, statistics and stochasticity; and as
Chomsky (1956) noted, statistical techniques could generate grammatically cor-
rect but meaningless sentences like “colourless green ideas sleep furiously”.
Sixty five years later, and in reference to the latest LMs, a similar criticism
is stated by Bender et al. (2021) who refer to LMs as “stochastic parrots”.
Human cognition is dual-process and bimodal - current LMs are not capable
of cognition. Human writing is borne from motivation - LMs are devoid of

motivation. Humans are driven by emotion - LMs are effectively devoid of
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emotion.
Given the hypothesis that emotions can help in the task of synthetic text

detection, we next consider how to classify emotions.

2.3.4 Classifying Emotions is Difficult.

Emotion classification is a difficult task for humans. The difficulty inherent in
attempting a subjective assessment of emotions is evident from our previous
discussion of human cognition and bias. In particular, we recall that System 1
does not lend itself to introspection and System 2 attempts a post-hoc justifi-
cation of our feelings and intuitions (Wason and Evans, 1974; Kahneman and
Tversky, 1979; Thaler, 1980; Stanovich and West, 2000; Evans and Stanovich,
2013). In practice, the difficulty of emotion classification is reflected in the
low level of inter-annotator agreement in emotion datasets (Strapparava and
Mihalcea, 2007, 2008; Bostan et al., 2020; Troiano et al., 2021) for example a
Pearson correlation ranging from 0.36 to 0.68 for different emotions within the
same dataset (Strapparava and Mihalcea, 2007). This also presents a difficulty
for automated classification of emotions, in part because the “gold” annota-
tions in datasets may not be reliable or consistent (Clark et al., 2021), can
vary across cultures (An et al., 2017), be affected by annotator mood (another
example of the affect heuristic) and the preceding examples (Shen et al., 2019),
and are affected by annotator confidence and emotion intensity (Troiano et al.,
2021). Another difficulty is the relatively small size of emotion datasets. Small
datasets can result in more volatile outcomes (Tversky and Kahneman, 1971),
for example finetuning is more susceptible to hyperparameter selection for small
datasets than larger datasets (Devlin et al., 2019). Other difficulties include
imbalanced datasets, different domains (news, blogs, social media, etc.), and
the different emotion models such as (Plutchik, 1980, 2001; Ekman, 1992, 1999)
used in dataset annotation (Bostan and Klinger, 2018), and sentiment (Ortony

et al., 1988).
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Datasets are crucial for (pre-training and) fine-tuning language models. We
choose two commonly used datasets which are most relevant to our work, and
modify them where necessary to match our requirements. Those datasets are
AffectiveText (AT) (Strapparava and Mihalcea, 2008) and GoodNewsEvery-
one (GNE) (Bostan et al., 2020). These datasets are in the target domain
(news) and language (English) and are labelled with appropriate emotions. AT
is labelled with Ekman’s 6 emotions, while GNE is labelled with 15 emotions
which we map to Plutchik’s 8 emotions, Ekman’s 6 emotions, and binary sen-
timent, as required. In some experiments we combine the datasets, balance
them across labels (emotions), and map the emotions as described above for

our experiments.

Emotion classification shares a similar development history to some other
NLP classification tasks. From keyword identification using lexicons like EmoLex
(Mohammad and Turney, 2013) and EmoWordNet (Badaro et al., 2018), to
feature-based classifiers - as surveyed extensively by Alswaidan and Menai
(2020) - like Support Vector Machines, to state-of-the-art transformer based
(e.g. BERT and RoBERTa) PLMs (Chen et al., 2023; Shah et al., 2023), and
prompt based techniques including Natural Language Inference (NLI) (Basile
et al., 2021; Plaza-del Arco et al., 2022; Bareif§ et al., 2024). We use the latter
two techniques, i.e. state-of-the-art fine-tuned PLMs and prompt based NLI,

for emotion classification.

In addition to emotion classification, we also use sentiment analysis. Specif-
ically, we use binary sentiment as the topmost division of positive and negative
valence as described by Ortony et al. (1988). Sentiment analysis attempts to
analyse text by, as Acheampong et al. (2020) put it “extracting opinions, ideas
and thoughts” and assigning them a valence/polarity that is either positive or

negative (or neutral).

There are no suitable emotion classification models which satisfy our specific

requirements (news domain, English language, Plutchik’s 8 emotions and/or
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Ekman’s 6 emotions). Consequently, we will fine-tune several LMs in the task of
emotion classification for RQ1 in Chapter 3, and RQ3 in Chapter 5. In contrast,
in §5.4.3 we utilise 15 existing zero-shot Natural Language Inference LMs for
the task of emotion classification with no need for fine-tuning. Next, we discuss

Natural Language Inference, zero-shot, and the importance of prompting.

‘How do you know? All this is their

Premise . . .

information again.’
Hypothesis ‘This information belongs to them.’
Label entailment

Table 2.1: An example of Natural Language Inference from the MultiNLI dataset
(Williams et al., 2018). A premise and hypothesis are used as prompt to the NLI
model, which responds with either entailment, contradiction, or neutral. In this
example, ‘entailment’ is the gold label, meaning that the hypothesis can be
inferred from the premise.

Another approach to emotion classification which we use is zero-shot Natural
Language Inference (NLI). First we will explain NLI, followed by the meaning
of zero-shot NLI, and explain the importance of prompting. In NLI the prompt
to the LM consists of a premise and hypothesis (or hypotheses), and the LM
response will imply entailment, contradiction or neutral. The NLI task can be
stated as follows: Given a premise, does the hypothesis logically follow (entail-
ment), or logically unfollow (contradiction), or is undetermined (neutral). An
example from the MultiNLI dataset (Williams et al., 2018) is shown in Table
2.1. In the example, ‘entailment’ is the gold label, meaning that the hypoth-
esis logically follows (i.e. can be inferred from) the premise. If, however, we
change the hypothesis to ‘This is not their information.’ then the NLI
model might respond with ‘contradiction’ because the new hypothesis appears
to contradict the premise. If, instead, we change the hypothesis to ‘The window
is closed.’, then the NLI model might respond with ‘neutral’ because the
hypothesis cannot be determined from the premise.

Table 2.2 shows another example, this time for emotion classification

which we use in §5.4.3. The prompt consists of: the premise ‘Ukraine
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election:Comedian Volodymyr Zelensky wins’; and the  hypothe-
ses [‘joy’, ‘sadness’, ‘fear’, ‘anger’, ‘disgust’, ‘surprise’,
‘“trust’, ‘anticipation’]. The response from the LM consists of a
SoftMax’ed probability for each hypothesis - we take the hypothesis with the
highest probability as entailment i.e. the prediction of the model. NLI provides

an alternative approach to fine-tuning for the task of emotion classification.

Premise ‘Ukraine election:Comedian Volodymyr Zelensky wins’
Hypotheses ‘[‘joy’f ‘sad?ess’, ‘f?ar’f fanggr’, ‘disgust’,
surprise’, ‘trust’, ‘anticipation’]
disgust 0.0039077484980225560
anger 0.0044322255998849870
fear 0.0047090123407542706
Entailment sadness 0.0051015573553740980
trust 0.0416014716029167200
anticipation 0.0712974146008491500
surprise 0.1438306123018264800
joy 0.7251200079917908000

Table 2.2: An example of zero-shot NLI (§5.4.3). A premise (sentence) and hy-
potheses (emotions) are used as prompt to the model, which returns an entailment
(prediction) i.e. a soft-maxed probability for each hypothesis. The hypothesis
(emotion) with the highest probability is entailed (predicted) from the premise
(sentence). In this example, ¢ joy’ is the prediction of the zero-shot NLI model.

Zero-shot means the LM has not received any training or fine-tuning exam-
ples from which to learn. This is in contrast to fine-tuning, where we typically
give 1,000’s of labelled examples to the LM so that it can ‘learn’ the correct
prediction. Performing a task zero-shot has a number of advantages over fine-
tuning (Laurer et al., 2024), for example:

1. There is no need to fine-tune or validate the LM, saving resources such as
time, compute, and data.

2. Hypotheses (emotions in our case) are specified at inference time, so it is
more flexible - users can specify Plutchik, Ekman, sentiment etc. without
having to fine-tune the model again.

3. There is no requirement for labelled data (we already discussed the difficulty

with emotion datasets and annotator agreement for labels).

38



4. There is no need for training and validation data, we can use the test data
only, thus reducing the data requirement.

Prompting plays a pivotal role in the performance of LMs. We use a prompt
type EMO-Name as defined by Plaza-del Arco et al. (2022) for zero-shot NLI emo-
tion classification. The EMO-Name prompt is the prompt shown in our example
above and Table 5.7. We chose this prompt for its simplicity and potential use-
fulness as a suitable baseline for future prompt-engineering experiments. While
we use some multilingual models for zero-shot NLI, we continue to use English
prompts because Bareif§ et al. (2024) show that prompting in English performs
better than target language prompts for NLI-based zero shot emotion classifi-
cation across a range of scenarios (e.g. different data languages, different LMs,
different prompt types).

We considered human factors, particularly emotion, in cognition, hypothe-
sised about the use of emotion in synthetic text detection, and considered the
difficulty posed in emotion classification. We now turn our attention to com-

monly used metrics, and a novel metric we will introduce for RQ2 in Chapter

4.

2.4 Measuring and Metrics

We now consider suitable metrics for measuring emotions, and evaluating clas-
sifier performance. F-score is the most frequently used metric in NLP emotion
classification literature (Alswaidan and Menai, 2020), often along with its com-
ponent Precision and Recall scores, and Accuracy (Kusal et al., 2023). The
measurements for these metrics are binary, either a prediction is correct or in-
correct. This makes sense in a typical classification scenario where classes are
nominal and discrete - either you predicted the correct class or you didn’t. In
Chapter 3 we will use these metrics when classifying Ekman’s 6 basic emotions,
and when classifying news article authors as human or synthetic.

However, for affective profiling in Chapter 6 we will use Plutchik’s 8 emo-
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tions (Plutchik, 1980, 2001) as illustrated in Plutchik’s Wheel of Emotion in
Figure 2.1. In contrast to Ekman, who essentially treats the 6 basic emotions
as a bag-of-emotions, Plutchik includes a dimensional relationship between the
8 emotions. To use the language of Stevens (1946) “theory of scales of mea-
surement”, as shown in Table 2.3, Ekman’s 6 basic emotions use a “nominal”
scale, whereas Plutchik’s 8 emotions use an “ordinal” scale. Plutchik’s Wheel of
Emotion orders the 8 emotions such that similar emotions are adjacent to each
other while dissimilar emotions are further apart. Thus, according to Plutchik,

there is a dimensional relationship between the emotions.

Level Name Example Description

1 Nominal Ekman 6 Basic Emotions Named items

2 Ordinal  Plutchik Wheel of Emotion + ordered items

3 Interval Our ‘Enhanced’ Plutchik + intervals between items
4 Ratio Enhanced Plutchik + neutral? -+ absolute zero

Table 2.3: Table showing Stevens (1946) 4 levels of Measurement. Ekmans 6 basic
emotions are Nominal - simply named emotions, almost like a “bag of emotions”.
Plutchik’s 8 emotions are Ordinal - named and ordered around the Plutchik
Wheel. Our ‘Enhanced Plutchik’ is Interval - by including intervals between
emotions - which we introduce in Chapter 4. Future Work could elevate our
‘Enhanced Plutchik’ to Ratio by including ‘Neutral’ emotion as absolute zero.

The dimensional relationship between Plutchik’s 8 emotions gives rise
to the question - is it possible to exploit the dimensional relationship be-
tween Plutchik’s 8 emotions and employ metrics other than the binary
correct-incorrect metrics like Fl-score etc.? Non-discrete metrics (for example
error-based metrics) such as Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) are used to evaluate models which generate continuous
predictions, such as linear regression. Continuous metrics are not binary
(correct or incorrect), they vary depending on how close the prediction is to
the correct value. For example, for a true value of 50, predicting 42 is better
than predicting 31 and continuous metrics reflect this (while discrete metrics
do not, the predictions are both considered incorrect). The problem when

attempting to use these metrics with Plutchik’s emotions is the absence of a
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numerical value assigned to the emotions. Turning to Stevens (1946) we can
say that, in order to use continuous metrics for Plutchik’s 8 emotions, we need
to elevate Plutchik’s wheel of Emotions from the Ordinal scale to the Interval
scale i.e. we need to find a way to assign meaningful numerical values to each
of Plutchik’s 8 emotions. We address this problem in RQ2 and describe our
proposed solution in Chapter 4. We then employ our solution in Chapters 5
and 6 and exploit the dimensional aspect of Plutchik’s 8 emotions in the task
of emotion classification and the affective profiling of human and synthetic

text respectively.

Correlations: Pearson p and Spearman p Throughout this thesis we
will have a set of measurements, such as Accuracy, that we want to compare:
typically human versus synthetic. We want to measure the correlation between
the human article and the synthetic article. For this purpose we use Pearson p
correlation and Spearman p correlation, both of which have values in the range
—1 to +1. Negative values indicate a negative correlation i.e. as one variable
increases, the other variable decreases, and vice versa. Positive values indicate a
positive correlation i.e. the variables tend to increase together. The magnitude
of the value indicates the strength of the correlation between the variables.
Pearson p measures the linear relationship between two sets of values i.e. how
well they increase or decrease together; whereas Spearman p is computed on
ranks and measures the monotonic relationship between the two sets of values
(ranking). Table 2.4 shows the strength of relationship corresponding to various

ranges of p correlation values.”

2.5 Conclusion

We examined the problem of synthetic text detection from the automatic and

human perspectives. We discussed how LMs are powerful, biased and dual use,

9 Taken from https://www.westga.edu/academics/research/vrc/assets/docs/
scatterplots_and_correlation_notes.pdf
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Absolute Value of p  Strength of Relationship

r <0.3 None or very weak
03 <r<0.5 Weak

0.5 <r<0.7 Moderate

r>0.7 Strong

Table 2.4: Table showing absolute value of p and the strength of relationship.

and how humans are dual process (driven by emotion), bimodal and biased.
We have imperfect datasets, annotated by imperfect people or other imperfect
means. We use these imperfect datasets to train imperfect LMs, which are
capable of generating synthetic text at scale. Therefore, the task of synthetic
text detection is crucial, even though it is difficult. This research attempts to
contribute to that task by leveraging the differences between LMs and human
cognition - particularly where emotion is concerned. In the next four chapters
we answer our four research questions, and describe our experiments to address

the task of synthetic text detection.
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Chapter 3

Improving Neural Detection of
Synthetic Text via Emotion

Recognition

In this chapter we answer Research Question 1: “Can the performance of auto-
matic synthetic text detectors be improved by making them ‘emotionally-aware’
compared to standard detectors?”. RQ1 was described in §1.2.

It begins with a description of our experimental Method (§3.1) and Experi-
ments (§3.2) followed by our primary Results (§3.3). We provide Analysis (§3.4)

with several further experiments, including detecting synthetic text generated

by ChatGPT (§3.5). The chapter finishes with our Conclusions (§3.6).

3.1 Method: Equipping PLMs with Emotional
Intelligence
Our method is illustrated in Figure 3.1. The process works as follows:

1. PLMsyNTH: In the leftmost column of Figure 3.1, human articles
and synthetic articles are used to fine-tune a PLM to discriminate be-

tween the two kinds of text. This is indicated by the blue nodes in the PLM.
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PLMsynth emoPLM emoPLMsynth

Human Synthetic Joy ... | Disgust Human Synthetic
- _T -

-

-
=

-

Classification Layer

HUMAN & SYNTHETIC HUMAN & SYNTHETIC
TEXT EMOTION TEXT

Figure 3.1: The emotionally-aware PLM (emoPLMsynth) takes advantage of its
prior fine-tuning on emotion to improve performance on the task of synthetic
text detection. In contrast, the standard PLM fine-tuned only on synthetic
text detection (PLMsynth) has no training on emotion. Our experiments show
the emotionally-aware PLM (emoPLMLsynth) outperforms the standard PLM
(PLMsynth) in multiple scenarios.

2. EMOPLM: In the middle column of Figure 3.1, a second dataset annotated
for emotions with Ekman’s 6 emotions (Ekman, 1992, 1999, 2016) is used
to fine-tune a PLM on the task of emotion classification. This makes our

model emotionally-aware, as indicated by the red nodes in the PLM.

3. EMOPLMSYNTH: The multi-class (6 head) classification layer from emoPLM
is removed and replaced with a binary classification layer. The emotionally-
aware PLM is then fine-tuned on the task of discriminating between human
and synthetic articles. The PLM is still emotionally-aware while also be-
ing able to detect synthetic text - as indicated by the red and blue nodes

respectively in the PLM.

We conduct experiments using various PLM sizes, architectures, datasets,
and domains for synthetic text generation (e.g. Grover, ChatGPT) and detec-
tion (e.g. BERT, BLOOM, ChatGPT), which we now describe.
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3.2 Experiments in the News Domain

3.2.1 Generator and Detector Models

To generate synthetic text, we use the Grover causal PLM (GPT-2 architec-
ture!) pretrained on 32M news articles from the RealNews dataset (Zellers
et al., 2019). Heretofore, we referred to our detector models using the general
term PLM, e.g. emoPLMsynth and PLMsynth, but we must choose a specific
PLM for our experiments. We choose BERT (Devlin et al., 2019) as the PLM
for our main detector model since it is freely available and performs well in sev-
eral tasks including sequence classification. Specifically, we choose BERT} 50~
cased as the PLM for our detector model. ? A baseline BERT model (we
call this BERTsynth) is fine-tuned on the task of synthetic text detection, while
our proposed model is the same BERT model, firstly fine-tuned on emotion
classification (we call this intermediate model emoBERT) before further fine-
tuning for synthetic text detection. This final proposed model is referred to as

emoBERTsynth.

3.2.2 Datasets

We create and release NEWSsynth, a dataset containing 10k human and 10k
synthetic news articles. 10k human-authored news articles were taken from
the RealNews-Test dataset (Zellers et al., 2019) and used as a prompt to
Groverpsse to generate a corresponding 10k synthetic articles. The prompt
includes the news article, headline, date, author, web domain etc. as described
by Zellers et al. (2019). The dataset was split 10k-2k-8k for train, validation,
and test respectively, the same ratio used by Zellers et al. (2019) with 50:50

human:synthetic text in each split, see Appendix A for details. An investigation

LGPT-2¢man is a decoder based transformer architecture with 12 stacked decoders and 12
attention heads, totalling 117M parameters (Radford et al., 2019).

2BERT}.sc-cased uses a transformer architecture with 12 stacked encoders and 12 bidirec-
tional attention heads, totalling 110M parameters. It is ‘cased’ because it is pretrained on data
which includes upper and lower case text (Devlin et al., 2019) which aligns with our datasets.
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of the length of human vs synthetic text is provided in §3.4.1.

In a second experiment, we also use the full RealNews-Test dataset itself,
which comprises the same 10k human news articles used in NEWSsynth and
10k synthetic articles generated by Groverpeg. The use of synthetic text gener-
ated by Grover,es, instead of Grovery,s. facilitates comparison of BERTsynth
and emoBERTsynth on text generated by a larger generator model, and against

results reported for other models on this dataset.

We use the GoodNewsEveryone dataset (Bostan et al., 2020) to train
emoBERT. This dataset contains 5k news headlines, and was chosen since it
is within the target domain (news) and language (English) and is annotated
with categorical emotions. The 15 emotion labels from GoodNewsEveryone
were reduced to 11 emotions using the mapping schema of Bostan and Klinger
(2018), and further reduced to 6 emotions based on the Plutchik Wheel of
Emotion (Plutchik, 1980, 2001) — see Table 3.1, and Figure 2.1 in Chapter
2.3.2 — resulting in 5k news headlines labelled with Ekman’s 6 basic emotions,
the most frequently used categorical emotion model in psychology literature

(Ekman, 1992, 1999, 2016).

GoodNewsEveryone Ekman %
disgust —  disgust (8%)
fear —  fear (8%)
sadness, guilt, shame —  sadness (14%)
joy, trust, pride, love/like, posi- — happiness  (17%)
tive anticipation/optimism

anger, annoyance, negative antic- — anger (24%)
ipation/pessimism

negative surprise, positive sur- — surprise (30%)
prise

Table 3.1: Emotion Mapping Schema: GoodNewsEveryone (15 emotions) to Ek-
man 6 basic emotions. % shows the emotion label distribution in the dataset.
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3.2.3 Fine-Tuning BERTsynth

We fine-tune a BERTp.s.-cased model for synthetic text detection (using
the NEWSsynth or RealNews-Test dataset) the resulting model is called
BERTsynth. Input sequence length was maintained at the BERT maximum of
512 tokens (~ 384 words). Five training runs were conducted. Each training
run was 4 epochs — the most possible within GPU time constraints and similar
to those of Zellers et al. (2019) who used 5 epochs.? For each training run, a
unique seed was used for model initialisation, and a unique set of three seeds
were used for the dataset shuffle - one seed each for train, validation, and
test splits. Furthermore, the HuggingFace library shuffles the training data
between epochs. The reproducibility of the training and validation results
using seeds was verified by conducting multiple runs of training and validation.

Hyperparameter values are listed in Appendix B.

3.2.4 Fine-Tuning emoBERT

We fine-tune a BERTy.ss—cased model on the single label multiclass task of emo-
tion classification using the GoodNewsEveryone dataset, the resulting model is
called emoBERT. Fine-tuning emoBERT followed a similar process to fine-tuning
BERTsynth described in §3.2.3. This time, there were bk examples and fine-
tuning was for 10 epochs.

(Classification accuracy is not the end goal for emoBERT. Its purpose is to
reduce the affective deficit of the PLM by modifying the representations of
words conveying emotions and to improve performance in the task of synthetic
text detection by transfer learning. The mean F1, for emoBERT is 39.4% on the
validation set - more than double mean chance (16.7%) and within the range
31% to 98% reported by Bostan and Klinger (2018) for within-corpus emotion

classification in UnifiedEmotion. Bostan et al. (2020) do not report the news

3 After each epoch the model (checkpoint) was run against the validation set for Accuracy,
and the checkpoint and Accuracy results were saved (in addition to F1, Precision and Recall).
The checkpoint with the highest Accuracy score was then run on the test set.
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headline emotion classification metrics for GoodNewsEveryone.

Heatmap of Emotion Classification
(Combined over 5 models on Validation)
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Figure 3.2: Combined Confusion Matrix for Emotion Classification on GoodNew-
sEveryone validation set.

Figure 3.2 depicts the combined results of the best performing model (in
validation) from the 10 epochs, in each of the 5 training runs. The imbalance
across emotion labels (shown in the first column of Table 3.1) is reflected in
performance in Figure 3.2. Anger and Surprise are the two emotions best
classified and best represented in the dataset at 24% and 30% respectively:;
while Fear and Disgust are the two emotions most poorly classified and least
represented in the dataset at 8% each. The 4 emotions Happiness, Sadness,
Anger, and Surprise are classified correctly more often than as any of the other
5 emotions. Fear and Disgust are most likely to be misclassified as Anger.

We see a correlation between class size and performance on that class - those
classes with more examples performed better than those with fewer examples.
To reiterate, outright performance is not the end goal for emoBERT. The purpose
of emoBERT is to reduce the affective deficit of the PLM by modifying the word

representations of words representing emotions and to improve performance in
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the task of synthetic text detection by transfer learning.

3.2.5 Fine-Tuning emoBERTsynth

We fine-tune an emoBERT model for synthetic text detection (using the
NEWSsynth or RealNews-Test dataset) - the resulting model is called
emoBERTsynth. The best emoBERT model (checkpoint) from each of the 5
training runs had its emotion classification head (6 outputs) replaced with a
binary classification head (2 outputs) for human vs synthetic text classifica-
tion, see Figure 3.1. Each model was then fine-tuned on the synthetic text
detection task using the exact same process and set of random seeds (for
dataset shuffling) as the 5 best models described in §3.2.3. This provided
a direct comparison between the 5 BERTsynth models (trained on synthetic
text detection only) and the 5 emoBERTsynth models (fine-tuned on emotion

classification followed by synthetic text detection).

3.3 Results

Precision Recall F1 Accuracy
Run Bs emoBs Bs emoBs Bs emoBs Bs emoBs

1 80.30 81.25 92.40 92.20 85.92 86.38 84.86 85.46
2 82.26 84.30 90.90 89.83 86.37 89.77 85.65 86.55
3 78.01 82.88 92.40 88.20 84.60 85.45 83.18 84.99
4 77.44 85.84 94.85 88.20 85.27 87.00 83.61 86.83
5) 86.09 87.14 87.58 86.75 86.83 86.95 86.71 86.98
Mean 80.82 84.28 91.63 89.04 85.80 87.11 84.80 86.16
Var. (9.89)  (4.35) (5.70)  (3.45) (0.62)  (2.08) (1.68)  (0.63)
A +3.46 -2.59 +1.31 +1.36

Table 3.2: Comparison of BERTsynth (Bs) and emoBERTsynth (emoBs) against
the NEWSsynth test set. (Variance is shown in brackets under the mean). emoBs
outperforms Bs in head-to-head for all 5 runs in Accuracy, F1, and Precision;
while Bs outperforms emoBs in head-to-head for all 5 runs in Recall.

The results in Figure 3.3 and Table 3.2 show the performance of BERTsynth

and emoBERTsynth when fine-tuned on the NEWSsynth dataset. The re-
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sults support the hypothesis that emotion can help detect synthetic text.
emoBERTsynth outperforms BERTsynth in head-to-head for accuracy and F1 in
all 5 runs.

Looking at precision and recall, emoBERTsynth outperforms BERTsynth in

precision in all 5 runs, while the opposite is the case for recall. It is worth

Boxplot Comparing emoBERTsynth & BERTsynth on NEWSsynth Dataset.

0950 1 Model ¢
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Figure 3.3: Test results for BERTsynth and emoBERTsynth on the NEWSsynth
dataset. emoBERTsynth is higher for Accuracy, Precision and F1, while BERTsynth
is higher for Recall.

comparing the relative difference in recall and precision between emoBERTsynth
and BERTsynth models in Table 3.2. emoBERTsynth has a difference between
the mean recall and mean precision of 4.76 (89.04 - 84.28) while the difference
for BERTsynth is more than double that at 10.81 (91.63 - 80.82). Thus, we
suggest our emotionally-aware PLM, emoBERTsynth, is a better performing
model than the standard PLM, BERTsynth, because it has a better balance
between precision and recall.

In Table 3.3 we compare BERTsynth and emoBERTsynth on the RealNews-
Test dataset. Recall that this dataset contains synthetic articles generated

by Groverpes. instead of the smaller Grovery.se. We also compare against
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the FastText, GPT-2 and BERT detector models reported by Zellers et al.
(2019) on this dataset. emoBERTsynth has the highest accuracy, outperforming
BERTsynth by 1.4%, BERTpase by 9.03%, GPT-2pa5e by 10.03%, and FastText
by 12.43%. These results support the hypothesis that emotion can improve
synthetic text detection.

There is a 7.63 point difference between our BERTsynth model and the BERT
model reported by Zellers et al. (2019), despite both models being BERTyse and
fine-tuned on the same dataset and splits. However, there are differences in
how the models were treated before this fine-tuning, and there may be some
hyperparameter differences for fine-tuning. We described in §3.2.3 how we fine-
tune a randomly initialised BERT model to create BERTsynth. Zellers et al.
(2019) reported that their BERT models were domain adapted to News (by
training on RealNews) at a length of 1024 WordPiece tokens. It is possible that
this additional domain-adaptation and extended input sequence length actually
harmed the performance of the BERT}.se model on the synthetic detection task.
The performance of synthetic text detectors can improve with length (Ippolito
et al., 2020) and the longer input sequence length could help in this regard.
However, the vast majority of human and synthetic news articles in RealNews-
Test are shorter than 1024 tokens. Thus, they may not benefit from that
extended input length and the model may in fact be somewhat reliant on those

later input tokens for prediction.

Size Model Acec.

11M  FastText 63.80

124M  GPT-2},6c 66.20
BERT},ce 67.20
BERTsynth 74.83

emoBERTsynth 76.23

Table 3.3: emoBERTsynth outperforms other model architectures and sizes detect-
ing human and Groverpeg, (1.5B) synthetic text from the RealNews-Test dataset.
Detector model sizes include 11M and 124M parameters and architectures include
FastText, GPT-2p.se, and BERTy,ee. The FastText, GPT-2p,se and BERTy,ge re-
sults are reported by Zellers et al. (2019).
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Two Examples of emoPLMsynth vs PLMsynth In Chapter 1 we saw
an example of affective incoherence in synthetic text compared to affective
coherence in human text. Now we consider two examples where the emotionally-
aware PLM outperforms the standard PLM on affectively incoherent synthetic
text.

For the purpose of demonstrating the improved performance of our
emotionally-aware PLM (emoPLMsynth) we select two examples of affectively
incoherent synthetic text from the NEWSsynth dataset (see §3.2.2) which
emoPLMsynth correctly identified as synthetic, but PLMsynth incorrectly
identified as human.

are highlighted in and negative emotion

words in pink.

1. Marshal Yanda looked * and refreshed” before Wednesday’s minicamp
practice but made some notes. After a disappointing season, the 37-year-
old Yanda might be “just getting 7 physically,
veteran linebacker Whitney Mercilus said.;

2. Bethenny Frankel, who hosted her daughter, Brynn, on ‘Bethenny Fver Af-
ter,” opened up about how she found balance when dealing with two recent
heartbreaks. Bethenny Frankel, 39, has had a rocky relationship with her

child, Bryn, 11, but all the drama behind the scenes has her engaged in

In the first example, the sequence of highlighted texts are “happy” - “disap-
pointing”, and “better and better and better”. This sequence can be classified*
as a sequence of emotions: [joy, sadness, joyl. We refer to the sequence
of emotions in an article as an affective profile. This particular affective pro-
file displays affective incoherence because the emotions in the profile change

substantially,® i.e. from joy to sadness and then back to joy.

4We use RoBERTa-large (as described in §5.4.1) for emotion classification in these two
examples.
°In §6.4.3 we demonstrate the flexibility and extensibility of the v metric, introduced in

52



In the second example, the sequence of highlighted texts are “two recent
heartbreaks” - “rocky relationship” - “peace and happiness”. The affective pro-
file is [sadness, sadness, joy]. This affective profile displays some affective
coherence (sadness followed by sadness) and affective incoherence (sadness fol-
lowed by joy).

The emotionally aware PLM (emoPLMsynth) correctly identified these two
examples of synthetic text containing affective incoherence. In contrast, the
standard PLM (PLMsynth) failed to identify them as synthetic and incorrectly

labelled them as human.

3.4 Analysis

In this section, we perform a further set of experiments to aid in interpreting

our main results.

3.4.1 Length of Human vs Synthetic articles

We investigate whether PLMs simply learn something about the length of ar-
ticles as a proxy for discrimination between human and synthetic text. An
analysis of NEWSsynth articles (train and validation splits) reveals no obvious
correlation (Pearson r = 0.19) between the number of sentences in a human
article and the number of sentences in the resulting synthetic article. Similarly,
there is no obvious correlation (Pearson r = 0.20) between the number of words
in a human article and the number of words in the resulting synthetic article.
In terms of words per article - 64% of human articles are longer than their cor-
responding synthetic article, while 34% of synthetic articles are longer. Human
articles are longer overall, but have slightly shorter sentences than synthetic

text; and human articles have more sentences per article - which accounts for

Chapter 4, to measure and numerically quantify the affective coherence of an article. The first
example above has a 1 score of 0% for affective coherence, while the second example has a
score of 50%. We leave the details, of calculating v for affective coherence, until §6.4.3.
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their longer mean length. Similar observations were made for RealNews-Test
by Bhat and Parthasarathy (2020). See Table 3.4 and Figs. 3.4 to 3.8. which
illustrate the relative lengths of human and synthetic articles and sentences in
NEWSsynth (train and validation splits). Overall, these results point neither
to article length nor sentence length as a reliable discriminator for synthetic
text suggesting that detector models are not simply learning length as a proxy

for human vs synthetic text.

Words per Sentences per Words per
Article Article Sentence
T o z o T o
Human 594.56  503.07 27.05  25.23 21.98 1598
Synthetic ~ 417.98  162.09 18.34  8.64 22.79  16.60
Figure 3.6 Figure 3.7 Figure 3.8

Table 3.4: Comparison of Human and synthetic text in the NEWSsynth dataset
showing the mean (7) and standard deviation (o) for Words Per Article, Sentences
Per Article, and Words Per Sentence. Human articles are longer overall, but have
slightly shorter sentences than synthetic text; and Human articles have more
Sentences Per Article - which accounts for their longer mean length.

3.4.2 Size of Fine-Tuning Splits

Split Prec. Recall F1 Acc.
5-1-4k 7839 79.85  78.89 78.58

Var. (24.10)  (17.33) (3.17) (6.51)
10-2-8k  80.82 91.63 85.80 84.80
Var.  (9.89) (5.70) (0.62) (1.68)

A +243 +11.78 +6.91 +6.22

Table 3.5: BERTsynth metrics for different split sizes, using the NEWSsynth
dataset averaged over 5 runs (with variance shown in brackets).

The BERTsynth fine-tuning regime (§3.2.3) was repeated using all (20k) and
half (10k) of NEWSsynth. In all 5 runs, the BERTsynth model trained on the
larger 20k dataset performed better than the equivalent model trained on the
smaller 10k dataset — see Table 3.5. There was a modest improvement in pre-

cision (+2.43%) with a much larger increase in recall (+11.78%). These results
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Scatter Plot of Number of Words per Article Pair in NEWSsynth
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Figure 3.4: Scatter plot of number of words per article pair of synthetic text vs.
human text in NEWSsynth (Pearson r = 0.20).

Scatter Plot of Number of Sentences per Article Pair in NEWSsynth
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Figure 3.5: Scatter plot of number of sentences per article pair of synthetic text
vs. human text in NEWSsynth (Pearson r = 0.19).
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Histogram of Number of Words per Article for Human and Synthetic
50 Text in NEWSsynth (Train and Validation Splits)
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Figure 3.6: Histogram showing the number of words per article for human (green)
and synthetic (orange) text in NEWSsynth (train and validation splits). Human
articles tend to be longer (T = 595) than synthetic articles (z=418), as shown
by the ‘right-shift’ of the human (green) distribution compared to the synthetic
(orange) distribution. Human articles have a much wider range of lengths (o
= 503) compared to synthetic articles (¢ = 162), as shown by the longer tail
of the human (green) distribution compared to the narrower synthetic (orange)
distribution.

Histogram of Number of Sentences per Article for Human and
Synthetic Text in NEWSsynth (Train and Validation Splits)
700

0 20 40 60 80 100
NumSentencesHumanMachine

Figure 3.7: Histogram showing the number of sentences per article for human
(green) and synthetic (orange) text in NEWSsynth (train and validation splits).
Similar to Figure 3.6, human articles tend to be longer (Z = 27) and have a much
wider range of lengths (0 = 25) than synthetic articles (z = 18) and (o = 9)
respectively.
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Histogram of Number of Words per Sentence for Human and Synthetic
Text in NEWSsynth (Train and Validation Splits)
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Figure 3.8: Histogram showing the number of words per sentence for human
(green) and synthetic (orange) text in NEWSsynth. Human articles tend to have
slightly fewer words per sentence (T = 22) and a slightly narrower range of values
(o = 16) than synthetic articles (T = 23) and (0 = 17) respectively. However, the
human and synthetic distributions here are more similar than those in Figures

3.6 and 3.7.

suggest that recall is most sensitive to the size of the training set. This is per-
haps because the PLM is already trained on human text during pretraining but
not synthetic text (ezposure bias), so more exposure to synthetic text increases

the model’s ability to detect synthetic text correctly with fewer false negatives.

3.4.3 Alternative Forms of emoBERT

We next examine the effect of using different emotion datasets to fine-tune
our emotionally aware PLMs on the downstream task of synthetic text detec-
tion? We conduct experiments on emoBERTsynth by fine-tuning eight alterna-

tive emoBERT models:

e GNE involves fine-tuning using the GoodNewsEveryone dataset (§3.2.4) as
in the main experiments;

e GNE,; involves fine-tuning with a version of GNE with randomised labels.
We do this to examine the extent to which the difference between BERTsynth

and emoBERTsynth can be attributed to emotion or to the process of fine-
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els

tuning on an arbitrary classification task with the GNE data;

AT involves fine-tuning with the AffectiveText dataset comprising 1.5k
news headlines in English annotated with respect to Ekman’s 6 emotions
(Strapparava and Mihalcea, 2008);

GA is GNE and AT combined;

SST-2 involves fine-tuning on the task of sentiment polarity classification
using the SST-2 dataset of 68,221 movie reviews in English (Socher et al.,
2013);

GAS is GNE, AT, and SST-2 combined; with SST-2 positive sentiment

mapped to joy and negative sentiment mapped to sadness;

S-GA involves first fine-tuning on sentiment using SST-2 and then fine-
tuning on emotion using GA. This experiment is inspired by Kratzwald
et al. (2018) who report that emotion classification can be improved by
transfer learning from sentiment analysis;

GAS-+- is GAS but mapped to positive and negative sentiment.5

The results (Table 3.6) reveal that the best-performing emoBERTsynth mod-

are those fine-tuned using GNE or using GNE and AffectiveText combined

(GA). The latter achieves the highest accuracy and the former the highest F1.

We attribute the relatively poor performance of AffectiveText on its own to its

small size, comprising only 1.5k headlines (split 625 + 125 for training and dev

splits respectively) compared to 5k for GNE and 68k for SST-2.

Fine-tuning on GNE outperforms fine-tuning with randomised labels

(GNE,) by 1.1 percentage points. This drop in accuracy compared to GNE,

albeit small, suggests that the emotion classification task does play a role in

the improved performance of emoBERTsynth versus BERTsynth.

The results in Table 3.6 also suggest that fine-tuning on sentiment is not

particularly helpful. The poor performance of the GAS model could be due

SHappiness was mapped to positive sentiment; sadness, fear, anger and disgust were mapped
to negative sentiment; surprise was mapped to sentiment using a DistilBERT (base-uncased)
(Sanh et al., 2020) sentiment classifier fine-tuned on the SST-2 dataset and available on Hug-

gingFace. https://huggingface.co/distilbert-base-uncased 14.05% of ‘surprise’ mapped

to positive, while the remaining 85.95% mapped to negative sentiment.
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Dataset  Prec. Rec. F1 Acc.

GAS 81.95 85.58 83.72 83.36
S-GA 82.60 87.80 85.12 84.65
GAS+- 8241 8830 85.25 84.73
AT 85.52 83.88 84.69 84.84
SST-2 82.85 88.38 85.52 85.04
GNEr 82.44 8993 86.02 85.39

GNE 83.84 90.40 87.00 86.49
GA 85.34 88.18 86.73 86.51

Table 3.6: Ablation experiments, using different emotion datasets for fine-tuning
emoBERT, comparing emoBERTsynth (eBs) detectors on the task of synthetic text
detection on the NEWSsynth dataset. GNE is the GoodNewsEveryone dataset
which is used in the main experiments. GNE, is GNE with randomised labels. AT
is AffectiveText. GA is GNE and AT combined. SST-2 is the SST-2 sentiment
dataset. GAS is the combined GNE, AT, and SST-2 datasets. S-GA is first fine-
tuned on sentiment using the SST-2 dataset, and then fine-tuned on emotion using
the GNE and AT datasets, and finally fine-tuned on synthetic text detection.
GAS+- is GAS but mapped to positive and negative sentiment.

to the crude mapping of negative sentiment to sadness (because it could be
any 1 of 5 Ekman emotions), which results in a large dataset imbalance across
emotion labels. When we go in the opposite direction and map the emotion
labels to sentiment labels (GAS+-), the results improve. Overall, however, the
results suggest that mixing emotion and sentiment datasets is not a good idea
(particularly if they are disproportionate in size and imbalanced), and that

sentiment alone is not sufficient.

3.4.4 A Larger Detector Model

We next investigate what happens when we use a PLM larger than BERT to
detect synthetic text. Using the same experimental setup described in §3.2, we
substituted BLOOM (Scao et al., 2023) in place of BERT for the synthetic text
detector. BLOOM is an open-science causal PLM alternative to GPT-3 (Brown
et al., 2020). We use the BLOOM 560M size model. The results in Table 3.7
show that the emotionally-aware BLOOM PLM (emoBLOOMsynth) outperforms

the standard BLOOM (BLOOMsynth) in all metrics.
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Prec. Rec. F1 Acc.
BLOOMsynth 81.90 85.95 83.79 83.40

Var.  (4.76)  (12.22) (1.23) (0.93)
emoBLOOMsynth 85.98 88.02 86.90 86.75
Var.  (5.72)  (9.96) (0.27) (0.15)

A 4+4.08 +2.07 +3.11 +3.35

Table 3.7: Comparison of BLOOMsynth and emoBLOOMsynth against the
NEWSsynth test set averaged over 5 runs (with variance in brackets).
emoBLOOMsynth outperforms BLOOMsynth in Accuracy, F1, Recall, and Precision.

3.5 ChatGPT Experiments

All experiments so far have involved PLMs pre-trained with the self-supervised
objective of predicting the next token or a masked token. We conduct a final ex-
periment with ChatGPT, a more human-aligned Large Language Model (LLM)
which has undergone a second training or “alignment” phase using Reinforce-
ment Learning from Human Feedback on top of an underlying LLM (GPT 3.5
Turbo in our case) (OpenAl, 2022; Ouyang et al., 2022). We create a custom
dataset comprising human articles and ChatGPT synthetic text from multiple
non-news domains, and use it to compare our BERTsynth and emoBERTsynth
models against ChatGPT (in a zero-shot setting) on the task of detecting Chat-

GPT’s own synthetic text.

3.5.1 ChatGPT100

We create and release ChatGPT100 - a dataset comprising human articles and
synthetic articles generated by ChatGPT.” Following Clark et al. (2021) who
collected 50 human articles and generated 50 articles using GPT2 and GPT3,
we also collect 50 human articles, and we then use ChatGPT to generate 50 syn-
thetic ones. The human written articles are from 5 different domains: Science,
Entertainment, Sport, Business, and Philosophy. We used reputable websites

for the human text which was gathered manually, see Table A.1 in Appendix A.

"We use ChatGPT (gpt-3.5-turbo-0314, Mar-14-2023 version) between dates 16-Mar-2023
and 24-Mar-2023.
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The synthetic text was generated by providing ChatGPT with a prompt such
as “In less than 400 words, tell me about moral philosophy.” where human text
on the same topic, moral philosophy in this case, had already been found on-
line. The data generated by ChatGPT is semantically correct and was checked
manually. Subject areas in which we are knowledgeable were chosen so that
the correctness of the synthetic text could be checked.

Table 3.8 contains two example articles from the ChatGPT100 dataset - one
human article retrieved from the internet, and one synthetic article generated by
ChatGPT. The URL for the human article is shown, as is the prompt provided
to ChatGPT to generate the synthetic article. Note that both articles are from
the same domain, business, and both are on the subject of the stock market.
Using human and synthetic article pairs on identical subjects and domains is
intended to reduce any possible impact of subject knowledge (or lack of subject

knowledge) on the detection task by ChatGPT.

3.5.2 Detection Task

To be comparable with the detectors presented in our earlier experiments, the
articles were limited to a maximum of 384 words (= 512 tokens) and truncated
at a natural sentence boundary. The two articles were then made to be approx-
imately the same length. Each article was appended to the following prompt
to ChatGPT: “Was the following written by a human or a computer, choose
human or computer only, and briefly explain your choice?” Having tested Chat-
GPT, we then tested our BERTsynth and emoBERTsynth models (the models
fine-tuned on RealNews-Test from Table 3.3).

Table 3.9 shows the ChatGPT classification of the two examples provided in
Table 3.8, including the prompt given to ChatGPT for the classification task.
The ChatGPT predictions are comprehensive, plausible, and entirely incorrect.
ChatGPT incorrectly predicts the human article is synthetic, and the synthetic
article is human. We must caveat that ChatGPT, like other PLMs and LLMs,
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Human Article

ChatGPT Article

URL:  https://www.investopedia.
com/terms/s/stockmarket.asp

What Is the Stock Market? The term stock market
refers to several exchanges in which shares of pub-
licly held companies are bought and sold. Such
financial activities are conducted through formal
exchanges and via over-the-counter (OTC) mar-
ketplaces that operate under a defined set of reg-
ulations.

Both “stock market” and “stock exchange” are of-
ten used interchangeably. Traders in the stock
market buy or sell shares on one or more of the
stock exchanges that are part of the overall stock
market.

The leading U.S. stock exchanges include the New
York Stock Exchange (NYSE) and the Nasdaq.
Understanding the Stock Market The stock market
allows buyers and sellers of securities to meet, in-
teract, and transact. The markets allow for price
discovery for shares of corporations and serve as
a barometer for the overall economy. Buyers and
sellers are assured of a fair price, high degree of
liquidity, and transparency as market participants
compete in the open market.

The first stock market was the London Stock Ex-
change which began in a coffeehouse, where traders
met to exchange shares, in 1773. The first stock ex-
change in the United States began in Philadelphia
in 1790. The Buttonwood Agreement, so named
because it was signed under a buttonwood tree,
marked the beginning of New York’s Wall Street
in 1792. The agreement was signed by 24 traders
and was the first American organization of its kind
to trade in securities. The traders renamed their
venture the New York Stock and Exchange Board
in 1817.

A stock market is a regulated and controlled envi-
ronment. In the United States, the main regulators
include the Securities and Exchange Commission
(SEC) and the Financial Industry Regulatory Au-
thority (FINRA).

The earliest stock markets issued and dealt in
paper-based physical share certificates. Today,
stock markets operate electronically.

How the Stock Market Works Stock markets pro-
vide a secure and regulated environment where
market participants can transact in shares and
other eligible financial instruments with confi-
dence, with zero to low operational risk.

Prompt: In less than 400 words, tell
me about the stock market.

The stock market is a public marketplace where in-
dividuals and institutions can buy and sell shares
in publicly traded companies. Shares represent
ownership in a company, and stock prices fluctu-
ate based on supply and demand, as well as fac-
tors such as the company’s financial performance,
industry trends, and economic conditions.

When investors purchase stock, they are essentially
buying a piece of the company and are entitled to a
portion of its profits. This can come in the form of
dividends, which are payments made to sharehold-
ers based on the company’s earnings. Investors can
also profit by selling their shares at a higher price
than they paid for them.

The stock market plays a critical role in the global
economy. It provides companies with a way to
raise capital by selling shares to the public, which
they can then use to invest in their business op-
erations or pay down debt. It also provides indi-
viduals and institutions with a way to invest in a
diverse range of companies and industries, poten-
tially earning significant returns on their invest-
ment.

However, investing in the stock market comes with
risks. Stock prices can be volatile, and investors
can experience significant losses if they make poor
investment decisions or the market experiences a
downturn. It is important for investors to do their
research and carefully consider the risks before in-
vesting in any stock or fund.

There are a variety of ways to invest in the stock
market, ranging from purchasing individual stocks
to investing in mutual funds or exchange-traded
funds (ETFs). Mutual funds and ETFs allow in-
vestors to diversify their holdings across a range
of companies and industries, reducing the risk of a
single stock or sector impacting their portfolio.
Overall, the stock market plays a critical role in
the global economy and provides individuals and
institutions with a way to invest in the growth and
success of publicly traded companies.

Table 3.8: Human and ChatGPT articles from the ChatGPT100 dataset. The
Human article was retrieved on 20-Mar-2023 from the URL shown. The Chat-
GPT article was generated (using gpt-3.5-turbo-0314) on the same day using the
prompt shown.
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Human Article

ChatGPT Article

Prompt: Was the following written by a human or a computer, choose human
or computer only, and briefly explain your choice?

What Is the Stock Market? The term stock market
refers to several exchanges in which shares of pub-
licly held companies are bought and sold. Such
financial activities are conducted through formal
exchanges and via over-the-counter (OTC) mar-
ketplaces that operate under a defined set of reg-
ulations. [Rest of article omitted for display pur-
poses]

The stock market is a public marketplace where in-
dividuals and institutions can buy and sell shares
in publicly traded companies. Shares represent
ownership in a company, and stock prices fluctu-
ate based on supply and demand, as well as fac-
tors such as the company’s financial performance,
industry trends, and economic conditions. [Rest of
article omitted for display purposes]

ChatGPT Prediction

The passage appears to be written in
a factual, informative style with a fo-
cus on providing information about the
stock market. The writing is clear and
concise, without any obvious errors or
omissions. Additionally, there is a lack
of personal opinions or perspectives,
which suggests that it was likely gener-
ated by an Al language model. The ab-
sence of any human-like idiosyncrasies
or expressions further supports this as-
sessment.

The passage is written in a clear, infor-
mative style, but it also has a certain
level of nuance and expression that sug-
gests it was written by a human rather
than a computer. The writing includes
a few examples and perspectives that
are not strictly factual, such as the po-
tential benefits and risks of investing in
the stock market, which suggests a level
of editorial judgment and experience
that is more typical of a human author.
Additionally, the language is slightly
more varied and expressive than what
might be expected from an Al lan-
guage model, which tends to produce
more formulaic and standardized writ-
ing. Overall, while the passage is fo-
cused on delivering information, it also
has a human touch that makes it more
engaging and relatable to readers.

Table 3.9: ChatGPT (gpt-3.5-turbo-0314) detecting Human and ChatGPT ar-
ticles from ChatGPT100. The aricles were previously shown in Table 3.8 and
are partially reproduced here. The classification was conducted on 21-Mar-2023.
ChatGPT incorrectly predicts that the Human article is Synthetic, and that the
Synthetic article is Human.

63



Model Prec. Rec. F1 Acc.

ChatGPT 75.00 30.00 42.86 60.00
BERTsynth 60.24 100.00 75.19 67.00
emoBERTsynth  67.57 100.00 80.65 76.00

Table 3.10: Our emotionally aware PLM (emoBERTsynth) outperforms ChatGPT
and BERTsynth at detecting synthetic text in the ChatGPT100 dataset. Note
that ChatGPT is performing the task zero-shot.

is prone to hallucinating during generation - this includes not just generation

of articles, but also the generation of explanation for predictions.

3.5.3 Results

The results are shown in Table 3.10. The first thing to note is that no model
performs particularly well. ChatGPT tends to misclassify its own synthetic text
as human (hence the low recall score of 30%).® BERTsynth and emoBERTsynth,
on the other hand, tend to classify text as machine-written and they both
obtain 100% recall. We previously saw (§3.4.2) that recall is most sensitive to
fine-tuning set size. The emoBERTsynth and emoBERTsynth models have been
exposed to synthetic text during fine-tuning, whereas ChatGPT is performing
the task zero-shot. This could explain some of the difference in recall between
the ChatGPT and the two fine-tuned models.

Finally, as with our experiments with Grover-generated text, emoBERTsynth
outperforms BERTsynth on all metrics. The dataset is small so we must be
careful not to conclude too much from this result, but it does suggest that
fine-tuning on emotion could be beneficial when detecting synthetic text from
LLMs and more sophisticated generators, in non-news domains. This is in line
with the results of our earlier experiments using variously size PLMs (such as
Grover, BERT, BLOOM), used as generators and detectors in the news domain,
and shows the potential for our approach with different generator models and

in different domains.

8ChatGPTs responses suggest it may use fact-checking as a proxy during synthetic text
detection.
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3.6 Conclusion

We conducted experiments investigating the role that emotion recognition can
play in the detection of synthetic text. An emotionally-aware PLM fine-tuned
on emotion classification and subsequently trained on synthetic text detection
(emoPLMsynth) outperformed a model with identical fine-tuning on synthetic
text detection, but without emotion training, (PLMsynth). The results hold
across different synthetic text generators, model sizes, datasets and domains.
This work specifically demonstrates the benefits of considering emotion in the
task of detecting synthetic text, it contributes two new datasets (NEWSsynth
and ChatGPT100) and, more generally, it hints at the potential benefits of

considering human factors in NLP and Machine Learning.

Is it possible that some other proxy for synthetic text is at play? We ruled
out some potential proxies related to article length in §3.4.1. In ablation studies
in §3.4.3, we showed that the emotion labels result in an improvement in per-
formance compared to randomised labels for the same emotion dataset. Other
potential proxies are nonsensical sentences, repetitive text, etc. However, we
account for these by comparing our emotionally-aware PLMs (emoPLMsynth)
against standard PLMs fine-tuned on synthetic text detection only (PLMsynth).
Thus, any advantage or disadvantage of sentences without meaning (or any
other factor) is also available to the non-emotionally-aware model against which
we compare our emotionally-aware model.

Future work includes repeating the experiments using other PLMs for de-
tection such as RoBERTa (Liu et al., 2019) which we use in RQ3 and RQ4,
along with the latest version of the LLMs we used in these experiments i.e.
BLOOM (Scao et al., 2023) and GPT 3.5 (OpenAl, 2022) and the latest open
source LLMs like LLaMa (Touvron et al., 2023b), LLaMA 2 (Touvron et al.,
2023a), Vicuna (Chiang et al., 2023), Falcon (Penedo et al., 2023), and Mistral
(Jiang et al., 2023). Additional gains may be found by hyperparameter tuning,

including prompt engineering (Liu et al., 2023), choosing a loss function that
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improves Recall over other metrics, and training for more epochs.

Later, in Chapter 6, we answer RQ4 where we investigate the affective profile
(i.e. emotional content and characteristics) of human and synthetic text in
an attempt to determine if there are measurable differences which may prove
useful in the task of synthetic text detection. Before we get there, we must first
turn our attention to RQ2 and RQ3, where we develop an emotion classification
evaluation framework and a set of emotion classifiers respectively; both of which

we use to address RQA4.
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Chapter 4

1) - a Novel Evaluation
Framework (for Dimensional

Emotion Classifiers)

In this chapter we answer Research Question 2: “Is it possible to develop a
framework for measuring and evaluating classifiers of Plutchik’s 8 Emotions
which takes account of their dimensional relationship?”. RQ2 was described in
§1.2, with Related Work discussed in §2.4. It begins with an Overview (§4.1)
and a definition of “A Novel Evaluation Framework for Emotion Classification”
(§4.2) followed by a “Toy Example” (§4.3). We discuss “Extending ¢(9) - a
Flexible Loss Function” (§4.4) and finish with our Conclusions (§4.5).

We introduce i - a flexible evaluation framework which we use, in the
first instance, to evaluate the performance of dimensional emotion classifiers in
Chapter 5. In §6.4.3 we will see how 1 can be used in other scenarios demon-
strating its flexibility and extensibility as an evaluation framework. 1 takes
the important parts, such as exactitude, of error-based metrics like MAE and
RMSE and combines them with the ease of interpretability of class based met-
rics like F1p, Accuracy, Precision, Recall which are typically used in emotion

classification. We saw in §2.4 that none of the popular metrics discussed are
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ideally suited to our needs of classifying emotions with a dimensional relation-
ship. We also saw that we need a way to elevate Plutchik’s Wheel of Emotions

from an Ordinal scale to an Interval scale.

4.1 Overview

Elevating Plutchik’s Wheel of Emotion to the Interval scale is achieved by
defining a distance between emotions, which we refer to as ¢ and describe
in detail in §4.2.1. The key point is that we assign a numeric value (0,1,2,3 etc.)
as the difference between one emotion (e.g. gold label) and another emotion
(e.g. predicted label). If we were to instead simply assign a numeric value to
each emotion it would be arbitrary and without meaning.

We use 9, the distance between emotions, to define a numeric loss between
a gold label and a predicted label. We refer to the loss function as ¢(J) which
we describe along with sample calculations in §4.2.2. We demonstrate the
flexibility and extensibility of the ¢ metric by using § to define several custom
loss functions ¢(J) suited to specific tasks as defined by the researcher or user
(84.4).

Finally, we combine the loss for each example into a single percentage score,
which we refer to as the i score. The v score is in the range 0..100 because
it is easy to interpret and more familiar to the emotion classification research
community. The 1 score is described in §4.2.3.

In the rest of this chapter we describe our metric, 1, and demonstrate its
implementation and calculation using a toy example.! We contrast ¢ with F-
score, MAE, and RMSE. For F-score we specifically use F1 which is frequently
used in emotion classification (Bostan et al., 2020; Bostan and Klinger, 2018),
and note again that for single-label multi-class classification (as in our case)

the Accuracy, Precision, Recall, and F1 have equal values.

INote that we use 9 in ‘real world’ scenarios to evaluate the performance of emotion classifiers
in Chapter 5 and to measure affective profiles in Chapter 6.
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4.2 A Novel Evaluation Framework for Emo-

tion Classification

4.2.1 Defining § - a Measure of Emotion Similarity

We define 9 as the distance between two emotions. Thus, ¢ is a measure of the
similarity between emotions. The distance, §, between Plutchik’s 8 emotions is
illustrated in Figure 4.1 and shown in Table 4.1. For example, Trust is adjacent
to Joy - thus Trust and Joy have § = 1; Anticipation is also adjacent to Joy so
they also have § = 1; while Trust and Anticipation have a § = 2 because they
are two emotions apart. Opposing emotions e.g. Joy and Sadness have § = 4
which is the maximum distance for two emotions in Plutchik’s 8 emotions. We
define ,,4, as the maximum distance possible between two emotions, and we
will see §,,4, 18 a constant for a given set of emotions (6,4, = 4 for Plutchik’s
8 emotions). Note that each emotion has ¢ = 0 with itself, as shown by the

diagonal line of 0’s in Table 4.1.

Joy Sad Fea Ang Dis Sur Tru Ant

Joy o 4 2 2 3 3 1 1
Sadness 4 0 2 2 1 1 3 3
Fear 2 2 0 4 3 1 1 3
Anger 2 2 4 0 1 3 3 1
Disgust 3 1 3 1 0 2 4 2
Surprise 3 1 1 3 2 0 2 4
Trust 1 3 1 3 4 2 0 2
Anticipation 1 3 3 1 2 4 2 0

Table 4.1: Distance, 9, between Plutchik’s Emotions. The closer two emotions are
(according to Plutchik’s Wheel) the lower their § value. Note that, for Plutchik’s
8 emotions, 0,,4, = 4.

According to Stevens (1946) theory of scales of measurement, by introducing
the ¢ to Plutchik’s Wheel we elevate it from an “ordinal” scale to an “interval”
scale. This is important because it allows us to measure differences between
emotions, and therefore to calculate relationships between the emotions includ-

ing central tendencies and spread. We can use the § between emotions as a more
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Figure 4.1: Plutchik Wheel of Emotion (in blue) showing, as an example, the §
(in the green octagon) between ‘Joy” and the other emotions. Rotating Plutchik’s
wheel of emotions so that a given emotion aligns with 0 on the d-octagon will
give the § between that emotion and the other Plutchik emotions.

fine-grained way to measure the performance of an emotion classifier. Given
a gold label of ‘Joy’ and a predicted label of ‘Trust’: metrics likes Accuracy
simply record an incorrect prediction. However, we can use the § = 1 to take
account of the fact that, according to Plutchik’s model, ‘Trust’ is incorrect but
is a better prediction than say ‘Sadness’ with § = 4. Next we define a way to

turn the 0 value between two emotions into a Loss - using a Loss function.

4.2.2 Defining ¢(J) - a Flexible Loss Function

We define ¢(§) as a loss function® which takes a § value and converts it into a
numerical loss in the range 0..1. A loss of 0 indicates a correct prediction, a loss
of 1 indicates a prediction that is maximally incorrect i.e. the opposite emotion

according to Plutchik’s Wheel. Exploiting the § between emotions allows us to

2For now, we consider the specific loss function used in this work, later we describe the
flexibility and extensibility of ¢(J) in relation to other loss functions (§4.4).
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d Score ¢(9) = ﬁ (Loss)
0 1 0/4
1075 1/4
2 0.50 2/4
3 0.25 3/4
4 0 4/4

Table 4.2: The score awarded to a prediction is determined by ¢ i.e. how close the
predicted emotion is to the correct emotion on Plutchik’s Wheel. We use a linear
loss which is calculated as the quotient of the distance between the two emotions
and the maximum possible distance between two emotions i.e. ¢(§) = 2

6ma:r

assign a partial score (effectively a Loss) which is proportional to the d between
two emotions, as shown in Table 4.2. For example, if the correct emotion is Joy
and the predicted emotion is also Joy (6=0) we assign this correct prediction a
full score i.e. 1 with a Loss of 0. However, if the correct emotion is Joy but the
predicted emotion is Trust or Anticipation (d=1) we can assign this incorrect
prediction a score close to a full score i.e. 0.75 with a Loss of 0.25; we reduce
this score for § = 2 (0.50, a Loss of 0.50), reduce it further for § = 3 (0.25,
a Loss of 0.75), and reduce it to 0 (a Loss of 1) if 6 = 4 (which i 0,4, for 8

emotions) as it “couldn’t be more wrong”. Table 4.2 shows the d, Score and

0

émam ’

Loss according to the Loss function i.e ¢(d) =

Equipped with an understanding of how we use ¢ to measure the distance
between emotions, and use ¢(d) as a loss function to convert a § value into a
loss, we now explain the process of taking the loss for each of these individual

measurements - and combining them to give a v score in the range 0 - 100%.

4.2.3 Defining 1 - a Novel Metric for Emotion Classifi-
cation Performance

The losses for all the individual predictions are combined to yield the overall

loss. The overall loss is deducted from the total number of examples (for ex-

ample, there are 10,000 examples in the NEWSsynth training split), the result

of which is converted to a percentage value which is the ¢ score.
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For each ¢ value, we use the term ngs to refer to the number of examples which
have that specific §. The product of the loss (ﬁ), and the number of examples
with that loss (ns) gives us the total loss for that specific delta (mﬁ). We

sum over the losses for each specific 9 in the range 6 = 0 to 0 = d,,4, to give a

5'maac

total loss over all § values for all the examples (), ns52—). The total loss is
6:0 max
deducted from N, the total number of examples, where N essentially represents

d

5maz

6maz

a perfect score i.e. a score of 1 per example (N — > n;
6=0

a percentage, we divide by the total number of examples (N) and multiply by

). Finally, to obtain

100 (1—1(3,0). This yields the final equation for our v metric, as shown in Equation

4.1.3

100 RULIGI)
¢:W<N—Zn5 ) (11)

Equation 4.1 defines the v metric, where:

N Total number of examples being tested

) Distance between two emotions (0,1,2,3,4) per Table 4.1.
Omar  Maximum distance between two emotions? i.e. 8,4, = | Regme |
Nemo Total number of emotions (8 for Plutchik)

ng Number of occurrences of a particular § value (0..N)

We use a percentage value for ¢ because it is relatively easy to interpret
(compared to MAE and RMSE for example), and readily comparable with F1,
Accuracy, Precision and Recall (which are the most commonly used metrics in
emotion classification). A 1) score of 100 is a perfect score where all predictions
are correct (0 = 0), while a v score of 0 is the worst possible score where all
predictions are maximally incorrect (0 = 0par). Later we will describe how
Accuracy is essentially a specific instance of the 1) score.

Next we demonstrate the 1) metric using a toy example to show how it
operates in practice, and compare results for the 1 score against Accuracy,

MAE, and RMSE.

3Later we will define a more generalised version of this equation by replacing % with a
function which can be user defined for a given use-case.
For Plutchik’s 8 emotions: ey = [ 2222 | = [3] =4

72



4.3 Toy Example

4.3.1 Demonstrating )

Table 4.3 is a toy example® demonstrating 1) in comparison to Accuracy (F1,
Precision and Recall), MAE and RMSE for a classifier of Plutchik’s 8 emotions.
Two columns show the True (gold) Label and the Predicted Label (from a
hypothetical classifier). The rightmost 4 columns show the Loss for each metric,
along with the score for each metric calculated in the bottom three rows. The

following paragraphs describe those calculations in detail.

True Predicted Error (Loss)

Ex. Label Label Correct ¢ 52 575”

1 Joy Joy v 0 0 0

2 Joy Disgust X 3 9 0.75

3 Sadness Anger X 2 4 0.50

4 Fear Fear v 0 0 0

5 Fear Anger X 4 16 1

6 Anger Anticipation X 1 1 0.25

7 Disgust Disgust v 0 0 0

8 Disgust Joy X 3 9 0.75

9 Surprise Trust X 2 4 0.50

10 Trust Surprise X 2 4 0.50

11 Trust Trust v 0 0 0

12 Anticipation Joy X 1 1 0.25
Total Error (Loss) 8 18 48 4.50

Score 33.33% 1.50  2.00 62.50%
Metric Acc. MAE RMSE v

Table 4.3: Toy example illustrating the difference between our novel 1) metric
and existing metrics including Accuracy, MAE, and RMSE. Note that MAE is
the mean 0 value, RMSE is the square root of the mean 2 value. Accuracy
is the quotient of the number of correct predictions and the total number of
predictions, N. v is calculated per Equation 4.1. Most notable is that 1 is higher
than Accuracy (62.50% vs 33.33%) - showing that ¢ rewards predictions which
may be “incorrect” but close to the correct emotion. This is evident in the éniz

column - which is effectively the loss of the prediction - because the losses are not
all 1 when incorrect, they also include losses of only 0.75, 0.5, and 0.25.

5Chapter 5 provides real-world results from our experiments with dimensional emotion clas-
sifiers using v, F1,,, MAE and RMSE.
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Accuracy is defined in Equation 4.2,% and calculated using the sample values
in Table 4.3. Given the true value y; and the predicted value g; of the i-th
example, the percentage of correct predictions over all examples (N) is defined

as:

Accuracy(y, §) = (g = ys)

100 (4.2)

MAE is defined in Equation 4.3,” and calculated using the sample values
in Table 4.3. Given the true value y; and the predicted value g; of the i-th

example, the MAE over all examples (N) is defined as:

1 N-1
MAE(y,9) =+ > lyi — 4
=0
1 N-1
== > 5; where 6; = |y; — Ui
- (4.3)
=5 (0+3+2+0+4+1+0+3+2+2+0+1)
1
— — 18
12
= 1.50

We substitute 6 for |y; — ;| using the ¢ value specified in Table 4.1 for each

pair of actual emotion (y;) and predicted emotion (g;).®

RMSE is defined in Equation 4.4,° and calculated using the sample values

in Table 4.3. Given the true value y; and the predicted value g; of the i-th

Shttps://scikit-learn.org/stable/modules/model_evaluation.html#accuracy-
score

"https://scikit-learn.org/stable/modules/model_evaluation.html#mean-
absolute-error

84 values are positive so there is no need to calculate the absolute part of |y; — ;|-

9nttps://scikit-learn.org/stable/modules/model_evaluation.html#mean-
squared-error
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example, the RMSE over all examples (V) is defined as:

1
] p— _— y T /\' 2

1
=\ % Z 52 where 07 = (y; — 9;)*

(4.4)

1
= /75 O+ 9+ 4+ 0416+ 1+0+9+4+4+0+1)

= 148
V12

=v4

= 2.00

1 is defined in Equation 4.5,!° and calculated using the sample values in

Table 4.3. Given the true value y; and the predicted value g; of the i-th example

10To be consistent with the format of the equations for Accuracy, MAE, and RMSE - we
rewrite Equation 4.1 (which sums over d) to sum over ¢ when calculating ¢ in this example.
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where there are nen,, total emotions, the 1) over all examples (N) is defined as:

N—-1 ~
~ 100 N i — Uil
w(:%:g) - W o Lne OJ
0

i=

N—-1 5 n
_ (N— ) where 8, = |y, — i, and 8,5, = 2]

100
= 5 (12— (0+0.75+0.50 0+ 14025+ 0+ 0.75 4 0.50 + 0.50 + 0 + 0.25))

100
= —(12 - 4.
D ( 50)

100
= =5-(750)

_ 50
12

= 62.50%

(4.5)

4.3.2 Comparing Metrics

We compare our ¢ metric to popular existing metrics for emotion classification,
covered by Accuracy, and also MAE and RMSE. Accuracy is 33.33% because
there are four correct predictions from twelve examples (Ex.1 to Ex.12). F1,
Precision and Recall will also have scores of 33.33% since this is single-label
multi-class classification. Note the binary nature of Accuracy - either a pre-
diction is correct or incorrect. Accuracy does not take account of how close a
prediction is to the correct answer. To illustrate this deficit, Table 4.3 Example
5 shows an incorrect prediction of Anger where the correct label is Fear; and
Example 6 shows an incorrect prediction of Anticipation where the correct la-
bel is Anger. While Accuracy is right to consider these predictions incorrect, it

fails to consider the dimensional relationship between the emotions as defined
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by Plutchik. By considering the dimensional relationship between emotions we
see a different picture emerge. Table 4.1 shows the incorrect prediction in Ex-
ample 5 is incorrect by the maximum amount (§ = 4 = §,,4,), whereas Example
6 is incorrect by the minimum amount (6 = 1). Accuracy fails to consider the
dimensional relationship between the emotions and treats both inaccuracies the

same even though they are not the same - as we have demonstrated.

MAE is 1.50 for our hypothetical classifier.!* But how should we interpret
1.507 Is it indicative of a good, bad, or indifferent classifier? We can say that,
as we have defined MAE in Equation 4.3, a MAE of 1.50 tells us that the mean
0 for a prediction is 1.50 i.e. on average a predicted emotion is 1.5 emotions
‘away’ from the correct emotion. We can visualise this distance (J) by referring
to Figure 4.1. While this is useful for interpretation it is, nonetheless, somewhat
meaningless without knowing how many emotions are being predicted and the
resulting maximum error (6,,4,) the system could potentially have. If there are
6 emotions like Ekman'? then §,,,, = 3 so a MAE of 1.50 suggests a mediocre to
poor classifier. If there are 8 emotions like Plutchik then d,,,, = 4 so an MAE
of 1.50 might suggest a mediocre to good classifier. However, if there are 15
emotions (Bostan et al., 2020) then §,,,, = 7 so a MAE of 1.50 indicates a very
strong classifier. Thus, it is difficult to interpret 1.50 in a way which allows us to
compare it to other classifiers in a meaningful way - unless we know their §,,4.
and do some arithmetic like ﬁ. In general, it is difficult to interpret MAE
because it can range from 0 to oo depending on the maximum size of errors (or
Loss). This highlights another issue with MAE - it is difficult to compare across
different numbers of classes - emotions in our case. Furthermore, the emotion
classification research community is accustomed to using metrics with a range

from 0 to 100 (Accuracy, F1, Precision and Recall) so using a metric with

varying ranges, determined by the number of classes, introduces an additional

HWe use § as the absolute error when calculating MAE.

2Ekman treats emotions as distinct classes with no dimensional relationship between them.
However, we could use the dimensions specified by Plutchik (which includes Ekman’s 6 emo-
tions) and the ¢ values shown in Table 4.1 to treat Ekman’s 6 emotions dimensionally.
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burden and possibility for misinterpretation.

RMSE is 2.00 for our hypothetical classifier.!3 All of the issues with MAE
apply to RMSE so we will not restate them. As with MAE we take the error
to be §, thus for RMSE the squared-error is §°. A note of caution when using
RMSE is that, by design, its effect is different depending on the magnitude of a
number. Specifically, in our case for 2 < § < 4 the effect is greater as d increases.
Whereas for 6 = [0, 1] squaring has no effect. This can be seen by comparing
the 6 and 62 columns in Table 4.3. Squaring is a perfectly valid operation
where, for example, you want to increase the loss or more severely punish
increasingly incorrect predictions. RMSE, in contrast to Mean Squared Error
(MSE), returns the square-root. This has the effect that, although skewed, the
units returned by RMSE are the same as that of the original error.

Y is 62.50% for our hypothetical classifier.!* The calculation is shown in
Equation 4.5. A ¢ score of 62.50% (which uses a linear loss function) shows
that our classifier is almost two-thirds correct in its predictions i.e. overall the
predictions are approximately within one-third of the correct emotion and two-
thirds away from the worst possible prediction. While there is a bit of learning
involved with every new metric, the v score is more meaningful and easier to
interpret than the error-based metrics, MAE and RMSE. The v score gives
a more representative evaluation than simpler binary class-based methods like
Accuracy, because 1 considers the similarity between the actual and predicted
emotion and rewards closer predictions. Furthermore, ¢ score is comparable
across classifiers with different numbers of emotions - unlike MAE and RMSE.

For any given v score there are multiple ways to achieve that score, this is
also the case with MAE and RMSE. From our toy example, if we consider a 1
score of 50% this could be achieved with half (6) of the examples having 6 = 0
and the other half (6) of the examples having § = 4. But a ¢ score of 50%

could also be achieved if all of the examples (12) had § = 2 and so on. The v

13We use §2 as the squared error when calculating RMSE.
\We use % as the error when calculating .
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ns Count

ng 4
sl 2
o 3
ns 2
Ny 1

Table 4.4: Distribution of ns counts from the toy example in Table 4.3 as defined
by ¢ in Equation 4.1. The table shows that 4 examples had § = 0 (ng), 2 examples
had § =1 (ny) ete. This distribution of § counts provides additional insight into
the performance of the classifier.

metric conveniently allows us to know how the v score was achieved by viewing
the distribution of ns counts. This is shown in Table 4.4 using the counts from
our toy example. The distribution can be used by users so they can make more
informed decisions affecting their classification model performance as defined
by their specific requirements. The distribution could also be used as features
in classical machine learning models etc. In §6.4.3 we will use the distribution
of ns to measure the affective coherence of human and synthetic news articles
using .

One feature that is not evident from our toy example is the stronger corre-
lation between ¢ and MAE and RMSE, compared to Accuracy (and therefore
Precision, Recall, and F-score). We consider this a benefit because it indicates
that ¢ reflects the fine-grained measurement of MAE and RMSE compared
to the coarser binary ‘correct - incorrect’” measurement of Accuracy. We will

identify and measure the correlations in detail in later experiments (§5.4.2).

4.4 Extending ¢(d) - a Flexible Loss Function

We now consider several loss functions ¢(d) which can be used with our v
metric, and tailored to user requirements. The loss functions map from a given o
value to a resulting loss, using the specified loss function ¢(d). For the following
examples we will adhere to our current use case of ¢ values in the range 0..4

(for Plutchik’s 8 emotions), and a loss function ¢(J) in the range 0..1.
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We can now rewrite Equation 4.1 to include ¢(¢), rather than our specific

use-case where ¢(9) = % as shown in Equation 4.6:

)
max

100 Ry
P = W (N - ;:; ns (%5(5)) (4-6)

Linear Loss Function In our toy example we used % as our loss function
and noted that it was linear. It is linear because it conforms to the general

equation of a line as shown in Equation 4.7.

Linear Loss function:

fla) = ma+c
o(6) =m.d+c where m = 5 and ¢ =0 (4.7)
) Nemo . 8 o
() = 5 where 6,40 = LTJ =5 = 4
)
¢(0) = §

We plot this linear equation in Figure 4.2 and see that the points for ¢(J)
vs 0 match those in Table 4.2 i.e. (0, 0), (1, 0.25), (2, 0.5), (3, 0.75), (4, 1).

Plot of Linear Loss Function for ¢(8) vs. &

()]

2 ) !
0 value

Figure 4.2: Plot of a linear loss function ¢(J) vs § for our toy example from
Equation 4.7. This is the same loss function we use in later experiments and is
suitable for Plutchik’s 8 emotions.
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Logistic Loss Function We can specify a logistic function as the loss func-
tion. The general form of a logistic function is shown in Equation 4.8 and
illustrated in Figure 4.2 using suitable values for our use case. The logistic
function gives low loss for ¢ values of 0 and 1, and high loss to ¢ values of 3 and
4. This can be particularly useful if the use-case requires the predicted emotion
to be either correct or “out-by-one” but penalises more for being outside that
range and particularly for being the opposite emotion or “out-by-one” of the op-
posite emotion. We choose values for L, k, and §y to suit our use case but they

can be specified by users to change the function and match their requirements.

Logistic Loss function:

L
0= e
L
¢(5) = 1 + e,k((;,(go)
where L = max value, we choose L =1 (4.8)

k = growth rate, we choose k = 3
09 = midpoint, we choose dy = 2

1
¢(5) = 1+ e30-2)

Quadratic Loss Function We can specify a quadratic function as the loss
function. The general form of a quadratic function is shown in Equation 4.9 and
illustrated in 4.4. The quadratic function might seem an unusual choice for a
loss function because it has minimal loss for both 6 = 0 and § = §,,.,. However,
one scenario where this might be desirable is predicting both synonyms and

antonyms.
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Plot of Logistic Loss Function for ¢(d) vs.

2 ) }
6 value

Figure 4.3: Plot of a logistic loss function ¢(d) vs ¢ using Equation 4.8.

Quadratic Loss function:
f(z) =ax* + bz +c
¢(8) = ad® + b + ¢ (4.9)

1
Wherea:—z,bzl,c:O

(52
O(0) =~ +9

Step Loss Function We can specify a step function as the loss function.
The linear loss function we used in our toy example could instead be described
by a step function, as shown in Equation 4.10. Step functions are not continu-
ous, unlike the other functions described, and step functions can be defined as
required by specific use-cases which may not conform well to known functions
or are simply not continuous. For example, we can specify a step loss function
which will make ¢ behave like the Accuracy metric as shown in Equation 4.11.
Thus, Accuracy is a specific use case of one type of loss function ¢(d) which

can be used with the ¢ metric.
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Plot of Quadratic Loss Function for ¢(d) vs.

()

2 ) ]
o value

Figure 4.4: Plot of a quadratic loss function ¢(d) vs ¢ using Equation 4.9.

Step Loss function:

0 0=0

025 =1
(4.10)

¢(0) = §0.50 § =2

075 6=3

1 0=14

\
Step Loss function - behave like Accuracy:

0 6=0 (4.11)

¢(0) =
1 6>1

Other Loss Functions There are many other loss functions possible which

5

we will not cover, including polynomial functions, exponential functions,'® and

15Exponential functions can be tricky with 0 values, so a geometric transformation could be
used for example from (0,0) to (1,1) to facilitate their use.
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other functions which domain experts can apply as required. We do not pre-
scribe limitations on the ¢(§) loss function - it can be defined by users to match
their specific use case. Some caveats do apply - such as the ¢ function should
return a value in the range 0..100 so that it is consistent and comparable with
other 1 scores. As such one would expect the ¢(d) loss function to return a

value in the range 0..1.

4.5 Conclusion

In this chapter we answer Research Question 2 in the affirmative: “Is it possible
to develop a framework for measuring and evaluating classifiers of Plutchik’s 8
Emotions which takes account of their dimensional relationship?”

We introduced a novel flexible framework v for measuring and evaluating
classifiers of Plutchik’s 8 emotions. We elevated Plutchik’s Wheel from the
Ordinal scale to the Interval scale by introducing ¢ - the distance between
two emotions. We defined a loss function ¢(d) which converted ¢ value to a loss.
All of this was demonstrated with a toy example and calculations. Real world
usage will be shown in §6.4.3 for measuring affective coherence, and we will see
in §5.4.2 the correlation between v, F'1,, MAE and RMSE, as compared to
Accuracy (Precision, Recall, and F-score).

We compared 1 to popular metrics like Accuracy, MAE and RMSE and
highlighted the many advantages of v including its ability to give fine-grained
results in a familiar easy to interpret 0..100% scale. The distribution of counts
for ns in Table 4.4 demonstrated that ¢ provides detail on how a classifier is
performing which can be critical information for classifier developers and users.
The flexibility and extensibility of ¢ as a framework was demonstrated with
multiple loss functions ¢(d) defined for various potential use-cases. Continuous
and step functions were shown along with calculations and plots, to illustrate
their usefulness.

We will now use the ¢y metric to answer RQ3 by evaluating and selecting
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an emotion classifier. The selected emotion classifier will be used in RQ4 to

generate affective profiles.
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Chapter 5

Developing and Selecting a
Dimensional Emotion

Classification Model

In this chapter we answer Research Question 3: “Can we exploit the dimensional
relationship between Plutchik’s 8§ emotions to enable optimal selection of an au-
tomatic emotion classifier?”. RQ3 was described in §1.2, with Related Work
discussed in §2.3.4. We describe how we create, evaluate and select our own
automatic emotion classifier, having discussed previously (§2.3.4) the absence
of an automatic emotion classifier suitable for our specific needs (Plutchik’s 8
emotions in the news domain). We will then use this emotion classifier in Chap-
ter 6 to generate affective profiles for the NEWSsynth dataset, and compare

the affective profile for human versus synthetic news articles.

In Chapter 3 we created several emotion classifiers (emoBERT') which, while
not directly suitable for our needs here, inform our methodology (§5.1) for RQ3.
Specifically, the lessons from Chapter 3 inform the choices we now make regard-
ing the fine-tuning process, optimal dataset selection, label balancing, PLM
selection, and emotion-model selection. We will see that the results (§5.4.1) for

our new emotion classification models are slightly better than those in Chapter
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3 (§3.2.4) - but on the harder task of classifying Plutchik’s 8 emotions rather
than Ekman’s 6 emotions.

We begin with a description of our experimental Method (§5.1) and Ex-
periments (§5.2) followed by Results (§5.3) and Analysis (§5.4). Our Analysis
includes additional experiments correlating ¢ with other metrics (§5.4.2), and
zero-shot NLI for emotion classification (§5.4.3), and finishes with our Conclu-

sions (§5.5).

5.1 Method

We develop an automatic emotion classifier. Similar to our approach in RQ1
(§3.2.4), we fine-tune a PLM on the task of emotion classification using an
appropriate dataset and suitable evaluation metrics. We take advantage of our
results from RQ1 and apply them in RQ3; specifically in relation to dataset
selection, dataset balancing, and PLM selection. In addition, we fine-tune a
suite of ensembled models on the same task. Unlike RQ1, we use Plutchik’s 8
emotions (elevated to the Interval scale) rather than Ekman’s 6 basic emotions
(Nominal scale). The best performing individual model, or ensemble, is selected
based on the ¢ score and will be used to generate affective profiles to address

RQ4 in Chapter 6.

5.2 Experimental Setup

In this section, we give a brief reminder of our choice of emotion model, before
describing the dataset preparation, and choice of PLMs that were fine-tuned,

and detailing the fine-tuning process itself.

5.2.1 Emotion Model

In RQ2 we elevated Plutchik’s 8 emotions from the Ordinal scale to the

Interval scale by introducing d - the distance between emotions. Now we build
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upon this work by using Plutchik’s 8 emotions in concert with ¢ to evaluate
the performance of the PLMs we fine-tune on the task of emotion classification.

Furthermore, by using Plutchik’s 8 emotions in our emotion classifiers we
get a more granular breakdown of the emotions (and more granular affective
profile) in the NEWSsynth dataset in RQ4; compared to Ekman’s 6 emotions.
We previously alluded to some of the other advantages of using Plutchik in

concert with ¢ which will be discussed in Chapter 6.

5.2.2 Dataset for Fine-Tuning Emotion Classifiers

There is no suitable dataset available for Plutchik’s 8 emotions in the news
domain. Consequently, we construct a new dataset from existing datasets in
the news domain labelled using emotions. Our choices in creating this dataset
are informed by our results from RQ1 - in relation to choice of datasets, emotion

mapping, and label balancing.

Datasets We saw, in Table 3.6, the best performing emoBERTsynth mod-
els were those fine-tuned, for the emoBERT phase, using GoodNewsEveryone
(GNE), and GoodNewsEveryone combined with Affective Text (GNE+AT).
We also know that, generally speaking, more (suitable) data tends to result
in better performing models. As a result, we combine GNE+AT into a single

dataset.

Emotion Mapping We map GNE to Plutchik’s 8 emotions using the map-
ping schema shown in Table 5.1. This mapping is similar to RQ1, Table 3.1,
where we mapped the 15 emotions of the GNE dataset to Ekman’s 6 emotions.

The mapping schema is consistent with Bostan and Klinger (2018) with two
exceptions, i.e. ‘pride’ and ‘love/like’; which do not map directly to Plutchik’s
8 emotions. Bostan and Klinger (2018) do not list ‘pride’ in their mapping. We
map ‘pride’ to ‘anticipation’ because, according to TenHouten (2017) ‘pride’ is

a combination of ‘joy’ and ‘anger’, and according to Plutchik’s Wheel (Figure
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GoodNewsEveryone Plutchik %

trust, love/like —  trust (4%)
joy - joy (5%)
disgust —  disgust (8%)
fear —  fear (8%)
pride, positive anticipation / op- — anticipation (14%)
timism, negative anticipation /

pessimism

sadness, guilt, shame —  sadness (14%)

1

anger (18%)
surprise (30%)

anger, annoyance

1

negative surprise, positive sur-
prise

Table 5.1: Emotion Mapping Schema: GoodNewsEveryone (15 emotions) to
Plutchik 8 emotions. % shows the emotion label distribution in the dataset.

2.1) ‘anticipation’ is the emotion which lies between ‘joy’ and ‘anger’.

Bostan and Klinger (2018) map ‘love/like’ individually to ‘love’ and ‘trust’
respectively. According to Plutchik’s Wheel, ‘love’ is a combination of ‘joy” and
‘trust’ - so we could reasonably choose either. We choose to map ‘love/like’ to
‘trust’ because ‘like’ is mapped to ‘trust’ by Bostan and Klinger (2018); ‘love’ is
partially comprised of ‘trust’ according to Plutchik’s Wheel. In addition ‘trust’
occurs less in the datasets and doesn’t occur in AT at all since ‘trust’ is not
one of Ekman’s 6 basic emotions; thus it can contribute towards balancing the
dataset labels.

It is notable that the dimensional relationship between emotions on
Plutchik’s Wheel can help resolve emotion mapping issues. This highlights a
very real and practical advantage of an Ordinal scale like Plutchik’s Wheel,
over a Nominal scale like Ekman’s basic emotions.

There is no mapping required for the AT dataset because it is labelled with

Ekman’s 6 emotions - which are a subset of Plutchik’s 8 emotions.

Label Balancing The emotion distribution for the GNE, AT, and GA (GNE

+ AT) datasets are shown in Table 5.2. The emotions (labels) are very imbal-
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anced. We noted in RQ1 (§3.2.4) the varying performance of emotion classi-
fication correlating with emotion distribution in the dataset, as shown by the
Confusion Matrix in Figure 3.2. Consequently, we upsample and downsample

the emotions so they are balanced across the combined GA dataset - which we

refer to as GAB (GNE + AT Balanced).

Emotion GNE AT GA GAB
(Plutchik) (Ekman) (GNE+AT) (GA Balanced)
trust 187 0 187 1000
joy 264 441 705 1000
disgust 382 42 424 1000
fear 419 194 613 1000
anticipation 707 0 707 1000
sadness 680 265 945 1000
anger 885 91 976 1000
surprise 1476 217 1693 1000
Total 5000 1250 6250 8000

Table 5.2: Table showing the emotion counts for the GNE and AT datasets,
combing those datasets (GA), and upsampling and downsampling to balance
across all 8 Plutchik Emotions (GAB).

GNE+AT were combined (GA) and shuffled randomly using a seed (313)
for reproducibility. The shuffled GA was separated into 8 labels (8 Plutchik
emotions). Each label was split into train, validation and test splits.! Each
of these splits was upsampled or downsampled, according to the required split
ratio, to give a total of 1,000 examples per label.?2 This yields a GAB dataset
of 8,000 examples distributed evenly at 1,000 examples per Plutchik emotion,
with a train-validation-test split ratio of 7-1-2.

We avoid using synthetic text to create additional examples because we use

Tt is crucial to split the dataset (train, validation, test) before balancing - otherwise duplicate
examples could appear in multiple splits - thereby contaminating the validation and test splits.

2Downsampling was necessary only for ‘surprise’ and was done by removing the extraneous
examples. Upsampling was required for the other 7 emotions. Upsampling was done by copying
all of the examples for a label until the total amount of examples met or exceeded the desired
amount of examples - the extraneous examples were then removed. This approach was taken,
rather than random sampling, because some of the labels e.g. ‘disgust’ must be upsampled from
424 examples to 1,000 examples. Thus it makes more sense to copy the entire set of examples
rather than randomly select individual examples to copy one at a time. For this reason, after
balancing the GA dataset, we randomly shuffled the splits again using a different seed for each
split (train, val test : 17, 11, 23 respectively).
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the GAB dataset to fine-tune emotion classifiers which then generate affective
profiles in order to contrast human versus synthetic text. At this point we do
not want to mix human and synthetic text. Future work could investigate the
effect of exposure bias and balancing the dataset with human and synthetic
news annotated with emotions.

In RQ1 we used a train:validation:test split ratio of 5-1-4 (specifically 10k-
2k-8k for NEWSsynth and RealNews-Test) to be consistent with Zellers et al.
(2019) and make comparison of results e.g. Table 3.3 more meaningful. We also
used this ratio for emoPLM models throughout, for example in the ablation
experiments in Table 3.6. However, in RQ3 we use the more common train-

validation-test split ratio of 7-1-2.

5.2.3 Fine-Tuning Emotion Classifiers

We use the GAB dataset of 8,000 examples balanced across Plutchik’s 8 emo-
tions to fine-tune 15 PLMs using a train-validation-split ratio of 7-1-2 i.e. 5,600-
800-1,600 examples. The models are fine-tuned for 10 epochs, with the best
performing epoch on validation (based on F'1,) run against the test split. We
evaluate 6 different ensembles of models on the validation split, and the best
performing ensemble (based on F'1,) is run against the test split. The other
hyper-parameters are the same as those used in RQ1. All models were down-
loaded from the HuggingFace model hub.? Fine-tuning, validation and testing
were run on an NVIDIA GeForce RTX 3090 with 24GB RAM.

The 15 individual PLMs include models used in RQ1, such as
BERThase, BERT arge, and BLOOM 560M - all used for emoPLMsynth;
and DistilBERT . We also use BLOOM 1B1; RoBERTa..; ALBERT -
base, large, and xxlarge; XLM; XLM-RoBERTa -base and large; XLNet - base
and large; and DeBERTaya0e. This gives a broad range of model architectures

including CLMs and MLMs, pretrained on different datasets, with different

3https://huggingface.co/models
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learning objectives, including monolingual and multilingual models, with
different model sizes.

We also use 6 ensembles of the above 15 models. We rank the models in
descending order based on their performance on the validation set according to
F'1,, score. The 6 ensembles are the top-5, middle-5, bottom-5, top-10, bottom-
10 performing individual models, and all-15 models. We use a majority vote to
determine the prediction for each ensemble. In the event of a tie for an ensemble,
we select the highest ranking model which voted for the tied predictions - and

choose its individual prediction as the ensemble prediction.

5.3 Results

The results for the 15 emotion classification models, and best performing en-
semble, against the GAB test set are shown in Table 5.3. Ensemble-top5 is
the best performing model based on F'1, score, with RoBERTa-large a close
second. 1 and MAE rank the Ensemble-top5 as as the second best performing
model, while ¢, MAE and RMSE rank RoBERTa-large as the best performing
model.

We can summarise our observations on the 15 models and Ensemble-topb

(against GAB test) as follows:

e F'1, ranks Ensemble-top5 first, whereas ¢» and MAE rank it second and
RMSE ranks it third.

e ¢ and the continuous metrics (MAE and RMSE) both rank RoBERTa-large
first; whereas F'1,, ranks it second.

e All 4 metrics rank the same classifiers in the top-4 i.e. Ensemble-top5,
RoBERTa-large, XLM-RoBERTa_large, and DeBERTa _xlarge v2.

e The results appear to show a good correlation amongst the metrics for
scores and for ranking. We see this again in Table 5.4, which shows the

results of the 5 ensembles on the GAB validation set.
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PLM F1,1 ¥ MAE RMSE

XLM 17.44 48.67 2.05 245
BLOOM_1B1 29.63 6122 1.55 2.05
BLOOMb560M 31.13 60.39 1.58 2.09
ALBERT xxlarge v2  31.38 61.20 1.55  2.06
ALBERT _base_v2 32.81 63.20 1.47 1.99
XLNet_large 33.88 63.13 1.48 1.99
XLM-RoBERTa_base 35.25 64.75 141 1.94
BERTlarge 35.25 64.84 1.41 1.94
XLNet_base 36.31 63.97 144 1.99
BERTbase 36.38 65.02 140 1.94
ALBERT large_v2 36.38 65.83 1.37 1.90
DistilBERT-base 36.44 6525 1.39 1.93

DeBERTa xlarge _v2 3725 6702 132 185
XLM-RoBERTa large 38.69 66.55 1.34  1.88

RoBERTa-large 40.50 68.16 1.27 1.82
Ensemble-top) 40.75 6769 1.29 1.86
Mean 34.34  63.55 1.46 1.98
o 5.33 4.44 0.18 0.14

Table 5.3: Table showing results for 15 emotion-classification PLMs and ensemble
(best of 6 ensembles on Validation, see Table 5.4 for ensemble results) against
the GAB test set, which were fine-tuned with X-Entropy loss, and validated on
F1,. Note that for MAE and RMSE lower scores are better. The table is sorted
by F'1, ascending. Best score in bold, second best score underlined. The mean
and standard deviation (o) are shown for each metric.

e There appears to be a strong negative correlation between ¢ and RMSE,

and a very strong negative correlation between ¢ and MAE.

Table 5.4 shows the results of the 6 ensembles on the GAB validation set.
The best performing ensemble on validation is Ensemble-top5 - according to all
4 metrics. Ensemble-toph was run against the GAB test set and is included in
Table 5.3 where we saw it is ranked first by F'1, score.

We can summarise our observations on the 6 ensembles (against GAB vali-

dation) as follows:

e All 4 metrics have the same ranking of the six ensembles. RMSE has a tie
for the first and second ensembles. F'1, has a tie for the fourth and fifth

ensembles.
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Ensemble Name Fl1,17 v MAE RMSE

Ensemble-bottomb  38.88 65.84 1.37 1.93
Ensemble-middleb 43.75 69.16 1.23 1.82
Ensemble-bottom10 43.75 70.06 1.20 1.78

Ensemble-alll5 46.50 71.75 1.13  1.73
Ensemble-top10 4725 7275 1.09 1.68
Ensemble-top5 47.38 72.97 1.08 1.68

Table 5.4: Table showing ensembles of models against the validation set. The
best performing ensemble, Ensemble-toph, was subsequently run against the test
set as shown in Table 5.3.

e As one might expect, the ensembles of better performing models tend to
out-perform the ensembles of less well performing models.
e Ensemble-b10 and Ensemble-m5 have the same F'1, score, in a tie on F'1,

the ensemble with the higher 1) score is considered the winner.

5.4 Analysis

In this section we analyse the results of the main experiment i.e. fine-tuning
PLMs on the task of emotion classification, and choose the best performing
model. We then analyse the correlation between the results of the experiment
using four metrics ¥, F'1,, MAE and RMSE. Finally, we conduct an additional
experiment, using Natural Language Inference (NLI) in the task of zero-shot
emotion classification, to determine if NLI yields a model that performs better

than the fine-tuned models.

5.4.1 Choosing an Emotion Detection Model

The F'1, results are in the range 17.44% to 40.75%, although XLM is an outlier
at 17.44%. The random chance for 8 emotions is 12.5% and all of the mod-
els, except XLM, perform well above this. The mean F'1,, is 34.34% across all
15 models and Ensemble-top5. The top ranked Ensemble-top5 has an F'1, of

40.75%. This outperforms our earlier emoBERT model (§3.2.4) which had an
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F1, of 39.40%. However, emoBERT classifies only 6 emotions with a random
chance of 16.7%, so it is more difficult to classify 8 emotions with a random
chance of 12.5%. The results are within the range 31% to 98% reported by
Bostan and Klinger (2018) for within-corpus emotion classification. Nonethe-
less, an F'1,, score of 40.75% is not high and shows the difficulty of the task of

emotion classification.

We use the ¢ score as the metric to choose the best performing model or
ensemble. Therefore, the best performing model is RoBERTa-large. We will use
RoBERTa-large as the emotion classifier to generate affective profiles in RQ4
which we answer in Chapter 6. Our choice of RoBERTa-large is consistent
with Labat et al. (2022) who reported RoBERTa performed best for emotion
classification, although their domain was tweets. However, in contrast to our
results, Labat et al. (2022) reported that XLM performed well. We believe
this difference is due to our XLM model having a poor random initialisation.
Our analysis showed that after the second epoch of fine-tuning the XLM model
performance dropped from an F'1, of 20.25% to 12.50% where it was constant
for the remaining 8 epochs of fine-tuning. The model only predicted three
emotions (Joy, Trust, Surprise) from the possible 8 emotions. Poor random
initialisation is typically resolved by using a different random seed, however for

consistency we used the same seed for all 15 individual models.

One advantage of using a single model, as opposed to an ensemble, at in-
ference time is it uses less resources (e.g. carbon, compute, time, memory)
compared to running and combining 5 models as required by Ensemble-top5.
This is important in use cases where large amounts of text must be classified
on an ongoing basis e.g. social media platform, large e-tailers, etc. The carbon
cost is a factor for the environment during development and deployment for the
lifetime of model. Making models more efficient (Jooste et al., 2022) is another

way to reduce the carbon cost and environmental impact.
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5.4.2 Correlating 1 with F1,, MAE, and RMSE

The 1 scores are numerically quite different to the F'1, scores. The v scores
range from 46.87% to 68.16%, with a mean of 63.55%. In contrast, the F'1,
scores range from 17.44% to 40.75%, with a mean of 34.34%. The higher
numerical values for v, compared to F'1,, support the contention that v gives
a graduated loss to incorrect predictions. The amount of loss is proportional

to the ¢ value between the correct emotion and the predicted emotion. In our

case we use a linear loss function, ¢(6) = ﬁ, as described in §4.2.2 and §4.4.
Flu vs Psi
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Figure 5.1: Scatter Plot of F'1, vs v for 15 models and 1 ensemble on the GAB
test set. XLM is the outlier. There is strong positive correlation between the
metrics.

While the numerical scores for ¢ and F'1, are quite different, we want to
know how well ¢ scores correlate with F'1,, MAE, and RMSE. We also want to
know the correlation between the ranking of the models for each of the metrics
i.e. how similar is the order of the models when we rank them according to the

different metrics. To address these questions we create three scatter plots of
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Figure 5.2: Scatter Plot of MAE vs ¢ for 15 models and 1 ensemble on the GAB
test set. XLM is the outlier. There is very strong negative correlation between
the metrics.

F1,, MAE, and RMSE vs v; and calculate the Pearson p correlation, and the
Spearman p correlation respectively.

Figure 5.1 is a scatter plot of F'1, vs ¢ and shows a strong positive cor-
relation. Figures 5.2 and 5.3 are scatter plots of MAE vs ¢ and RMSE vs
1 respectively. They both show a strong negative correlation between v and
MAE, and ¢ and RMSE. The Pearson correlation, p, between each of the met-
rics is shown in Table 5.5. We recall from Table 2.4 that p > 0.7 indicates a
strong relationship. The p values are all above 0.97 which shows strong corre-

lation between all the metrics.

b F1, MAE RMSE

(0 1.000000  0.984394  -0.999899 -0.997641
F1, 0.984394  1.000000 -0.985005 -0.975421
MAE  -0.999899 -0.985005 1.000000  0.997329
RMSE -0.997641 -0.975421 0.997329  1.000000

Table 5.5: Pearson correlation p between four metrics ¢, F'1,, MAE, and RMSE.
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Figure 5.3: Scatter Plot of RMSE vs 1 for 15 models and 1 ensemble on the GAB
test set. XLM is the outlier. There is very strong negative correlation between
the metrics.

We can summarise our observations on the scatter plots and Pearson p

correlation of metrics as follows:

e The scatter plots show a strong (positive) correlation between ¢ and F'1,,,
with a Pearson correlation of 0.984.

e There is a strong (negative) correlation between ¢ and MAE, and ¢ and
RMSE; with a Pearson correlation of -0.999 and -0.997 respectively. We
expect a negative correlation since a higher score is preferred for 1, while
a lower score is preferred for MAE and RMSE.

e The Pearson correlations between all metrics are strong.

e [t is interesting that the absolute correlation between i and MAE and
RMSE is higher than the absolute correlation between ¢ and F'1,. This is
perhaps because 1), MAE, and RMSE are all derived from ¢, and therefore
are more granular than the coarse binary correct/incorrect nature of F1,

(and Accuracy, Precision, and Recall) as discussed in Chapter 4.
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Thus far we have seen that, numerically, v is quite different to £'1,, but both
are strongly correlated with a Pearson p of 0.984. We still have one question
to answer - how do the different metrics affect the ranking of the models? The
ranking is crucial because it typically determines which model is selected for use
in a downstream task. We calculate the Spearman p correlation and show the
results in Table 5.6. The results show a strong correlation between all metrics,
indicating that the ranking of the emotion classifiers is quite similar across all

four metrics.

Y F1, MAE RMSE

Y 1.000000  0.967600 -0.998528 -0.991142
F1, 0.967600  1.000000 -0.971976 -0.946676
MAE  -0.998528 -0.971976 1.000000 0.991121
RMSE -0.991142 -0.946676 0.991121  1.000000

Table 5.6: Spearman correlation p between four metrics v, F'1,, MAE, and
RMSE.

We summarise our observations on the Spearman p correlation of metrics:

e The Spearman ranking correlations show strong correlation between the
rankings of all 4 metrics.

e It is notable that, for Spearman, ¢ has a stronger correlation with MAE
and RMSE than it does with F'1,. This is consistent with the Pearson p
correlation, and could be because all three are derived from § as mentioned
earlier.

e The strong Spearman correlation between 1 and MAE, and ¢ and RMSE
supports the hypothesis that the 1 metric takes advantage of the fine-

grained exactitude of the continuous metrics.

Given the strong Pearson and Spearman correlations between 1 and the
other metrics, one might ask if there is any benefit from the introduction of .
We believe the answer is a definitive “yes”. There is a benefit from the 1 score
(and the ¢(d) loss function, and § - which we used to calculate the MAE and

RMSE scores). The 1 score is easy to interpret - like F'1,, Accuracy, Precision,
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and Recall. But, unlike those metrics, 1 benefits from the same granularity as
MAE and RMSE - as indicated by higher scores than F'1,,. Notwithstanding the
strong Spearman correlation between ¢ and F'1,, ranking the emotion classifiers,
¢ ranked RoBERTa-large as the top performing model whereas F'1, ranked
Ensemble-top5 as the top performing model/ensemble. This is crucial because
our ultimate choice of emotion classifier for building affective profiles in RQ4 is
determined by the choice of metric. This demonstrates that i) can be impactful.
Note that MAE and RMSE also rank RoBERTa-large as the top performing
model. The strong correlation between the 4 metrics also acts as a validation
for the 1 score. It demonstrates that ¢ is consistent with existing metrics and

is not a radical departure from existing norms.

5.4.3 Zero-Shot NLI for Emotion Classification

We conducted experiments using zero-shot NLI for emotion classification. NLI
was discussed in (§2.3.4) including advantages of this approach over fine-tuning,
and the role of prompting.

We use fifteen models for zero-shot NLI classification of Plutchik’s 8 emo-
tions using the GAB dataset. We measure the performance of these models us-
ing four metrics: ¥, F1u, MAE and RMSE as shown in Table 5.8. Similar to the
work of Basile et al. (2021) and Plaza-del Arco et al. (2022) we use RoBERTa-
large, BART-large, XLM-RoBERTa-large, and DeBERTa-xlarge. We include
several models used by Bareif§ et al. (2024) and made available by Laurer et al.
(2024) - such as Distilled XLM-RoBERTa-large, RoBERTa, XLM-V-base, and
mDeBERTa all fine-tuned on XNLI and MNLI. We include variants of some
of these models in addition to the two top performing models (at the time
of running the experiment) published by Laurer et al. (2024) i.e. deberta-v3-
large-zeroshot-v2.0 and deberta-v3-base-zeroshot-v2.0. All of the models are

available on HuggingFace.* The 15 models include several different architec-

‘https://huggingface.co/models

100


https://huggingface.co/models

tures, training datasets and domains, and multiple languages.

The HuggingFace zero-shot-pipeline was used whereby a premise (news
headline) and a list of hypotheses (Plutchik’s 8 emotions) were sent to the
model via the zero-shot pipeline. The pipeline returns an entailment (predic-
tion) which is a soft-maxed probability for each hypothesis (emotion). The
hypothesis (emotion) with the highest probability is entailed (predicted). As
discussed previously (§2.3.4) we use a prompt type “EMO-Name” as defined
by Plaza-del Arco et al. (2022). Table 5.7 shows an example of using zero-shot
NLI with the “EMO-Name” prompt.

Premise ‘Ukraine election:Comedian Volodymyr Zelensky wins’
¢« = ) [4 ) tf ) [4 ) 4 3 )
Hypotheses F joy ; sad?ess s ?ar ; .anggr , ‘disgust’,
surprise’, ‘trust’, ‘anticipation’]
disgust 0.0039077484980225560
anger 0.0044322255998849870
fear 0.0047090123407542706
Entailment sadness 0.00510155735563740980
trust 0.0416014716029167200
anticipation 0.0712974146008491500
surprise 0.1438306123018264800
joy 0.7251200079917908000

Table 5.7: An example of zero-shot NLI from DeBERTa-base on the GAB dataset
(training split), using the “EMO-Name” prompt type from Plaza-del Arco et al.
(2022). A premise (sentence) and hypotheses (emotions) are used as prompt to the
model, which returns an entailment (prediction) i.e. a soft-maxed probability for
each hypothesis. The hypothesis (emotion) with the highest probability is entailed
(predicted) from the premise (sentence). In this example, ‘ joy’ is the prediction
of the zero-shot NLI model, which agrees with the gold label from GAB.

As shown in Table 5.8, DeBERTa-base (deberta-v3-base-zeroshot-v2.0) from
Laurer et al. (2024) is the best performing model on the task of emotion clas-
sification using zero-shot NLI on the GAB test set. This is consistent with
Laurer et al. (2024) who state that DeBERTa-base is their best performing
base-size model® (mean Fl-macro on 28 different text classification tasks). In

contrast to our results, Laurer et al. (2024) report DeBERTa-large outperforms

At the time of the experiments (05-April-2024) and time of writing (24-May-2024).
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NLI Model Fl, ¢1

multilingual-MiniLMv2-L6-mnli-xnli* 18.31  51.55
vicgalle/xlm-roberta-large-xnli-anli 18.56  53.03
microsoft /deberta-v2-xxlarge-mnli 22.19  56.38
mDeBERTa-v3-base-mnli-xnli* 24.69  56.78
mDeBERTa-v3-base-xnli-multilingual-nli-2mil7* 22.19  57.48
facebook /bart-large-mnli 24.00  57.55
xIm-v-base-mnli-xnli* 25.00 57.88
ernie-m-base-mnli-xnli* 24.44  59.31
ernie-m-large-mnli-xnli* 23.38  59.83
roberta-large-mnli 27.44 5991
microsoft /deberta-xlarge-mnli 28.63  60.89
microsoft /deberta-large-mnli 29.94 61.42
microsoft /deberta-v2-xlarge-mnli 30.69 61.53
deberta-v3-large-zeroshot-v2.0* 31.13  61.80
deberta-v3-base-zeroshot-v2.0* 32.63 63.94
Mean 25.55  58.62
o 4.27  3.23

Table 5.8: Table (sorted by v ascending) comparing 15 emotion-classification
zero-shot NLI models against the GAB Test set. Best score in bold, second best
score underlined. Models with an asterisk (*) are provided by Laurer et al. (2024).
The mean and standard deviation (o) are shown for ¢ and F1,,.

DeBERTa-base averaged over 28 tasks (including 3 tasks related to emotion)
by 5.70 percentage points on F1.° However, our results show DeBERTa-base
outperforms DeBERTa-large by 1.50 percentage points on F1. It may be possi-
ble to get more performance from the models using few-shot NLI, and prompt
engineering; we leave this for future work. Nonetheless, DeBERTa-large is
ranked second by both ¢ and F'1,. We compare our best performing zero-shot
NLI model against our best performing fine-tuned model. The zero-shot NLI
DeBERTa-base 1 score of 63.94%, is less than the v score of 68.16% achieved
by our fine-tuned RoBERTa-large (§5.4.1). Therefore, we will use RoBERTa-
large fine-tuned on GAB to create the affective profile for human and synthetic

articles in the NEWSsynth dataset for RQ4 in Chapter 6.

We make the following observations, relating to ¢ and F'1,, from Table 5.8:

SLaurer et al. (2024) report Fl-macro scores while we report F 1,, scores. However, these
are equivalent because GAB is balanced across labels and therefore F'1,, = Fl-macro.
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e Both ¢ and F'1, have the same order for the top 7 models.
e The standard deviation, o, for ¢ is 3.23, whereas for F'1, it is 4.27. This

indicates 1 is less volatile than F'1,. Remember, both metrics are scoring
the exact same predictions - the only difference is how they measure and

calculate the loss.

e The difference between the mean ¢ and mean F'1, scores differ across the

two experiments i.e. fine-tuning versus zero-shot NLI for classification:

— Mean F1,, is 34.34% for fine-tuning, and 25.55% for zero-shot NLI.

— Mean v is 63.55% for fine-tuning, and 58.62% for zero-shot NLI.

The difference in the mean F'1,, values is 8.79 = (34.34 - 25.55)

The difference in the mean v values is 4.93 = (63.55 - 58.62)
— This also supports the notion that 1) is less volatile than F'1,,.

e The lower difference in mean v (compared to the larger difference in mean
F1,) indicates that v is rewarding the zero-shot NLI models for their pre-

dictions being close to the correct label.

e The results using both metrics indicate that fine-tuning gives better perfor-

mance than zero-shot NLI in the task of emotion classification.

e Inspecting the Confusion Matrices shows that many of the NLI models

over-predict on certain emotions which negatively impacts performance.

5.5 Conclusion

In this chapter we answer Research Question 3 in the affirmative: “Can we
exploit the dimensional relationship between Plutchik’s 8§ emotions to enable
optimal selection of an automatic emotion classifier?”

We chose Plutchik’s 8 emotions and created a custom dataset (GAB) which
we used to fine-tune 15 individual PLMs and 6 ensembles. RoBERTa-large
was the best performing model based on the v metric with a score of 68.16%.

We used these results to correlate the 1 metric with F'1,, MAE, and RMSE
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and showed strong correlation for both Pearson and Spearman coefficients. We
also used zero-shot NLI on 15 PLMs. DeBERTa-base was the best performing
model with a 1) score of 63.94%. The results indicate that zero-shot NLI is not
as performant as fine-tuning PLMs in the task of emotion classification.
Equipped with our custom dataset of human and synthetic articles
(NEWSsynth) and a RoBERTa-large PLM fine-tuned on our custom dataset
(GAB) of Plutchik’s emotions, evaluated with our custom metric (¢), we are

now ready to answer RQ4 and generate affective profiles.
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Chapter 6

Affective Profiling of Human and

Synthetic Text

In this chapter we answer Research Question 4: “Clan we generate and compare
the affective profile of human text and synthetic text?”. RQ4 was described
in §1.2, with Related Work discussed in §2.3.4. We investigate human and
synthetic text to determine if there is a difference in their affective profile, i.e.
their emotional content and characteristics, and whether any such difference
can be beneficial in the task of differentiating human from synthetic text. We
previously saw two examples of an affective profile (§3.3). Now we generate
10k affective profiles, for human and synthetic articles from our NEWSsynth

dataset, using our emotion classifier from Chapter 5.

The chapter begins with a description of our experimental Method (§6.1)
and Experiments (§6.2) followed by Results (§6.3) and Analysis (§6.4). Our
Analysis begins with affective coherence in emotion n-grams (§6.4.1), and in-
cludes additional experiments on affective coherence in affective profiles (emo-
tion) of news articles (§6.4.2), and measuring affective coherence using d-profiles
and 1 (§6.4.3). Our analysis continues with experiments generating affective
profiles using sentiment (§6.5), affective coherence in sentiment n-grams, and

affective coherence in affective profiles (sentiment) of news articles. We finish
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with our Conclusions (§6.6).

6.1 Method

We generate an affective profile for each article in a dataset of human and
synthetic articles. The affective profile is generated by splitting each article
into a sequence of sentences, and assigning an emotion to each sentence. The
affective profile for each article is the resulting sequence of emotions, for ex-
ample [joy, sadness, joy, joyl. Each affective profile is broken into a se-
quence of n adjacent emotions i.e. n-grams of emotion, for example the 3-grams
[joy, sadness, joyl, [sadness, joy, joyl. For each n-gram of emotion,
we count the number of times the emotion changes between successive emo-
tions in the n-gram. For the two example affective profiles above, that is 2, 1
respectively. The number of emotion changes is used because it is an indication
of affective coherence, and we hypothesise affective coherence may help differ-
entiate human and synthetic text. The reason we do not use n-grams directly
is because they can become unwieldy since there are N™ permutations; where
N = number of emotions, and n = size of n-gram. For example, the number of
5-grams for Plutchik’s emotions is 8 = 32,768. We then compare the distri-
bution of the number of emotion changes within the n-grams; for human and

synthetic text, and contrast these with random chance.

6.2 Experiments

We used 10k human and synthetic news articles from the NEWSsynth training
split. The training split is used to avoid contaminating the test (and validation)
splits, which can be used in future work. Each article was divided into a
sequence of individual sentences using spaCy.! The emotion for each sentence

was predicted by the best performing emotion classifier from Chapter 5 (i.e.

lspaCy for English (en_core_web_sm) from https://spacy.io/models/en
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RoBERTa-large fine-tuned on GAB and evaluated using ). The resulting
sequence of emotions, corresponding to the sequence of sentences in the article,

is the affective profile for that article.

Preserving the order of sentences (and their emotions) is crucial because
the affective profile is the sequence of emotions in an article. Furthermore,
by measuring the change between successive emotions in an article, we can
calculate a value for affective coherence - which we demonstrate in §6.4.3. If
the order of sentences (and their emotions) is lost, then we effectively have a

bag-of-emotions with no relationship between them.

We take the affective profile of each article (i.e. the predicted emotion for
each sentence in the article) in NEWSsynth (train 10k) and calculate n-grams
of emotion over the article. We will consider 3-grams for our explanation of
the experimental process and reuse the example above. Given the affective
profile for a news article [joy, sadness, joy, joyl, we extract the 3-grams:
[joy, sadness, joyl, [sadness, joy, joyl. Ineach 3-gram, we count the
number of times the emotion changes within the 3-gram. There are 2 emotion
changes in [joy, sadness, joy] and 1 emotion change in [sadness, joy,
joyl. For a 3-gram there can be either 0, 1, or 2 emotion changes. We count
the number of occurrences of emotion changes (0,1,2) for all 3-grams across the
whole dataset. We compare the distribution of emotion changes for human and
synthetic news articles, and contrast this with random chance. We repeat the

above process separately for n-grams of size 2, 3, 4, and 5.

It is important to include chance because it gives a baseline against
which to compare the human and synthetic results. Note that, for
example in 2-grams there is either 0 change or 1 change only, and
for 8 emotions and 2-grams there are 8 permutations = 64. How-
ever, only 8 of these 64 correspond to 0 changes (i.e. [joy, joyl,
[sadness,sadness], [fear,fear], [anger,anger], [disgust,disgust],

[surprise,surprise], [trust,trust], [anticipation,anticipation]).
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Affective Profile 3-grams Emotion

Changes
[fear, fear, fear] - 0
[fear, fear, surprise] — 1
[fear, fear, fear, [fear, surprise, surprise] — 1
surprise, surprise, fear, [surprise, surprise, fear] — 1
fear, fear, anticipation, [surprise, fear, fear] — 1
fear] [fear, fear, fear] — 0
[fear, fear, anticipation] — 1
[fear, anticipation, fear] — 2

Table 6.1: An example affective profile, 3-grams, and number of emotion changes;
for a human article from the NEWSsynth dataset. The affective profile is parsed
into 3-grams of emotion. The number of changes in each 3-gram is counted.
We analyse the distribution of emotion changes in 3-grams and compare human
versus synthetic, and random chance. We repeat the above process for 2, 3, 4,
and 5-grams of emotion on the NEWSsynth (train, 10k) dataset.

The remaining 56 permutations correspond to 1 change (e.g. [joy,sadness],
[joy,fear], [joy,anger], [joy,disgust], [joy,surprise], [joy,trust],
[joy,anticipation] ... [anticipation, trust]). Therefore, for emo-
tion 2-grams of Plutchik’s 8 emotions, there is a 12.5% (= 100&) chance of 0

emotion changes, but an 87.5% (= 1003%) chance of 1 emotion change.

To illustrate the experimental method, a sample affective profile is shown
in Table 6.1 using a human article from the NEWSsynth (train, 10k) dataset.
The article contains 10 sentences, and the Plutchik emotion for each sentence
represents the affective profile of the article - as shown in the leftmost column
of Table 6.1. We generate the emotion 3-grams from the affective profile, as
shown in the centre column. We count the number of emotion changes in each
3-gram, as shown in the right hand column. We combine the 3-grams for all
human articles and group them by the number of emotion changes. We then
sum the count of 3-grams in each group, which yields a distribution of emotion
changes (i.e. 0, 1, or 2, for 3-grams) for human articles. We repeat the last two
steps - but this time for synthetic articles. We then compare the distribution
of emotion changes in human articles versus synthetic articles, and random

chance. We repeat the above process for 2, 3, 4, and 5-grams of emotion.
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6.3 Results

The distribution of emotion changes within emotion n-grams are shown in Fig-
ures 6.1 to 6.4. We examine the distribution of emotion changes in turn by
comparing: human text to random chance, synthetic text to random chance,
and human text to synthetic text. We will see a consistent pattern of results

emerge from all three comparisons, for 2, 3, 4, and 5-grams.

Comparing human text to random chance Figure 6.1 shows the distri-
bution of emotion changes for 2-grams. If we first compare the human (green)
to random chance (grey) we see that human articles exhibit affective coher-
ence (0 emotion changes) in 40.07% of emotion 2-grams. This compares to
12.50% for random chance. Thus, human articles exhibit affective coherence
(0 emotion changes) in emotion 2-grams well above random chance. On the
other hand, human articles exhibit affective incoherence (1 emotion change) in
59.93% of emotion 2-grams, compared to 87.50% for random chance. Thus,
human article emotion 2-grams show affective incoherence (1 emotion change)
27.57 percentage points below random chance.

Figures 6.2 to 6.4 illustrate the same consistent pattern, for emotion 3, 4,
and 5-grams, to the pattern we see in Figure 6.1 for emotion 2-grams. That is,
human text exhibits affective coherence (0 emotion changes) well above chance,
and human text exhibits affective incoherence (n — 1 emotion changes) well
below chance. For 3-grams, in Figure 6.2: human text shows affective coherence
20.90% compared to 1.56% for random chance; and affective incoherence 40.79%
compared to 76.56% for random chance. For 4-grams, in Figure 6.3: human
text shows affective coherence 12.41% compared to 0.20% for random chance;
and affective incoherence 27.17% compared to 66.99% for random chance. For
5-grams, in Figure 6.4: human text shows affective coherence 7.98% compared
to 0.02% for random chance; and affective incoherence 18.73% compared to

58.62% for random chance.
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Distribution of Emotion Changes within Emotion 2-grams

Chance Hurman Synthetic

100.00

75.00
an
=

= 50.00
o
T
o

25.00

0.00

0 1

Mumber of Emotion Changes

Figure 6.1: The distribution of emotion changes for emotion 2-grams. Human
text exhibits affective coherence (emo changes = 0) well above chance (40.07%
vs 12.50%). Human text exhibits affective incoherence (emo changes = 1) well
below chance (59.93% vs 87.50%). The results indicate human text is affectively
coherent. However, synthetic text exhibits similar affective coherence to human
text. Nonetheless, human text is more affectively coherent than synthetic text,
and human text is less affectively incoherent than synthetic text, and this differ-
ence is statistically significant (p < .001).

Distribution of Emotion Changes within Emotion 3-grams
Chance Human Synthetic
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Figure 6.2: The distribution of emotion changes for emotion 3-grams. Human
text exhibits affective coherence (emo changes = 0) well above chance (20.90% vs
1.56%). Human text exhibits affective incoherence (emo changes = 2) well below
chance (40.79% vs 76.56%). The human and synthetic distribution difference is
significant (p < .001). The results are consistent with 2-grams in Figure 6.1.

110



Distribution of Emotion Changes within Emotion 4-grams
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Figure 6.3: The distribution of emotion changes for emotion 4-grams. Human
text exhibits affective coherence (emo changes = 0) well above chance (12.41% vs
0.20%). Human text exhibits affective incoherence (emo changes = 3) well below
chance (22.17% vs 66.99%). The human and synthetic distribution difference is
significant (p < .001). The results are consistent with 2-grams and 3-grams in
Figures 6.1 and 6.2.

Distribution of Emotion Changes within Emotion 5-grams
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Figure 6.4: The distribution of emotion changes for emotion 5-grams. Human
text exhibits affective coherence (emo changes = 0) well above chance (7.98% vs
0.02%). Human text exhibits affective incoherence (emo changes = 4) well below
chance (18.73% vs 58.62%). The human and synthetic distribution difference is
significant (p < .001). The results are consistent with 2-grams, 3-grams, and
4-grams in Figures 6.1 to 6.3.
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Comparing synthetic text to random chance Figures 6.2 to 6.4 illus-
trate another consistent pattern for emotion 2, 3, 4, and 5-grams. Comparing
synthetic text (orange) to random chance (grey) we see that, similar to human
text, synthetic text exhibits affective coherence well above random chance, and
synthetic text exhibits affective incoherence well below random chance.

For 2-grams in Figure 6.1: synthetic text shows affective coherence 38.97%
compared to 12.50% for random chance; and affective incoherence 61.03% com-
pared to 87.50% for random chance. For 3-grams in Figure 6.2: synthetic text
shows affective coherence 19.99% compared to 1.56% for random chance; and
affective incoherence 42.14% compared to 76.56% for random chance. For 4-
grams in Figure 6.3: synthetic text shows affective coherence 11.72% compared
to 0.20% for random chance; and affective incoherence 28.55% compared to
66.99% for random chance. For 5-grams in Figure 6.4: synthetic text shows
affective coherence 7.46% compared to 0.02% for random chance; and affective

incoherence 20.05% compared to 58.62% for random chance.

Comparing human text to synthetic text A third consistent pattern
emerges when we compare human (green) to synthetic (orange) text in Figures
6.2 to 6.4. Human text and synthetic text exhibit similar levels of affective
coherence and affective incoherence. However, human text exhibits slightly
higher affective coherence and slightly lower affective incoherence than synthetic
text across 2, 3, 4, and 5-grams of emotion. It is important to note that the
differences between human and synthetic distributions of emotion changes in
emotion n-grams (2 < n < 5) are statistically significant (p < .001). Data and
calculations are provided in Appendix F.

For 2-grams in Figure 6.1: human text shows affective coherence 40.07%
compared to 38.97% for synthetic text; and affective incoherence 59.93% com-
pared to 61.03% for synthetic text. For 3-grams in Figure 6.2: human text
shows affective coherence 20.90% compared to 19.99% for synthetic text; and

affective incoherence 40.79% compared to 42.14% for synthetic text. For 4-

112



grams in Figure 6.3: human text shows affective coherence 12.41% compared
to 11.72% for synthetic text; and affective incoherence 27.17% compared to
28.55% for synthetic text. For 5-grams in Figure 6.4: human text shows af-
fective coherence 7.98% compared to 7.46% for synthetic text; and affective
incoherence 18.73% compared to 20.05% for synthetic text. We reiterate that,
although they may appear slight, the differences between human and synthetic
distributions regarding the number of emotion changes in emotion n-grams is

statistically significant in all cases (p < .001).

Revisiting the Chapter 3 (RQ1) Experiments We remind the reader
that in Chapter 3 (RQ1) our emotionally-aware models outperformed standard
models in the task of synthetic text detection. In many cases the improvements
were in the order of a few percentage points. When concluding Chapter 3 we
signposted that in Chapter 6 we would investigate the affective profile of human
and synthetic text to determine if there are “measurable differences which may
prove useful in the task of synthetic text detection”.

The results of the comparison between the affective profile of human and
synthetic text are presented above and in the remainder of this chapter. The re-
sults indicate “measurable differences” which are statistically significant. While
the differences between human and synthetic text may appear small to the hu-
man reader, the fact they are measurable and statistically significant suggests
they could “prove useful in the task of synthetic text detection”. For example,
a Machine Learning algorithm or model may benefit from the features associ-
ated with the affective profile and we refer to this possibility in the concluding
chapter (§7.4).

We note two similarities between the results in Chapter 3 (RQ1) regarding
synthetic text detection, and the results in Chapter 6 (RQ4) regarding affective
profiles of human and synthetic text: Firstly, in RQ1 there is (for the most
part) a small difference in the performance of emotionally-aware and standard

models in the task of synthetic text detection (e.g. 1.4% and 3.4% for mod-
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els based on BERT and BLOOM respectively); and in RQ4 there is a small
difference in the affective profile of human and synthetic text (e.g 0.5% for
mean affective coherence using 1, which we will see in §6.4.3). Secondly, in
RQ1 there is a large difference in the performance of both emotionally-aware
and standard models versus chance (e.g. 50% chance versus 85% for BERT and
BLOOM based detectors); and in RQ4 there is a large difference in the affective
profile of both human and synthetic text versus chance (e.g. 50% chance versus
65% for sentiment n-grams, which we will see in §6.5.2). We cannot conclude
that the affective profile (encompassing affective coherence and affective inco-
herence) is a factor, let alone a decisive factor, in the improved performance of
emotionally-aware models over standard models. However, we suggest that the
affective profile is a candidate for future work using explainable Al techniques
to determine the extent to which it can impact detector performance, and we

refer to this in Future Work (§7.4).

6.4 Analysis

Our analysis begins with the results (§6.3) from the emotion 2, 3, 4, and 5-grams
(8§6.4.1). We then describe further experiments comparing the affective profile
of human and synthetic articles (§6.4.2), and measuring the affective coherence
of human and synthetic articles using J-profile, and v (§6.4.3). Additionally,
we describe experiments comparing sentiment 2, 3, 4, and 5-grams (§6.5).

In our description of Figures 6.2 to 6.4 we treat affective coherence as ‘num-
ber of emotion changes = 07, and affective incoherence as ‘number of emotion
changes = n-1’ where n is the size of the emotion n-gram i.e. n = 2, 3, 4, and 5.
However, for emotion n-grams where n > 2, there are more possible values for
‘number of emotion changes’ i.e. 1, 2, 3 which we have not referenced. Exam-
ining these additional values we see that the same three consistent patterns are
present. In short, both human and synthetic text exhibit affective coherence

(generally the centre to left of Figures 6.2 to 6.4) above random chance; simi-
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larly both human and synthetic text exhibit affective incoherence (generally the
centre to right of Figures 6.2 to 6.4) below random chance. The same pattern
emerges for human text being slightly more affectively coherent than synthetic
text, and human text being slightly less affectively incoherent than synthetic
text; these differences are statistically significant (p < .001).

Calculating random chance for these experiments is complicated, given the
complexity of permutations for emotion changes in emotion n-grams, partic-
ularly as the ‘number of emotion changes’ increases in size. To resolve this
complexity, a python program was written which generated all of the possible
permutations of Plutchik’s 8 emotions for 2, 3, 4 and 5 grams. The program
then calculated the counts for all the number of emotion changes within each
n-gram group, to yield the random chance. The count for each ‘number of emo-
tion changes’ within each n-gram was checked to ensure it matched the total
number of permutations, and that the total random chance for each n-gram

equalled 100%.

6.4.1 Affective Coherence (in Emotion N-grams) for Hu-

man and Synthetic News Articles

Comparing human text to random chance Human text exhibits affec-
tive coherence well above random chance, and affective incoherence well below
random chance, for emotion changes in emotion 2, 3, 4, and 5-grams. Human
text is orders of magnitude (e.g. more than 300% for emotion 2-grams) above
random chance in relation to affective coherence (0 emotion changes), and well
below random chance for affective incoherence (n-1 emotion changes). These
results support the hypothesis that human text exhibits affective coherence.
In addition, the proportion of affective coherence (0 emotion changes) above
random chance increases as the length of the n-gram increases for human text;
while the proportion of random chance above affective incoherence (n-1 emotion

changes) also increases as the length of the n-gram increases for human text.
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Comparing synthetic text to random chance Synthetic text exhibits
affective coherence well above random chance. Synthetic text exhibits affective
incoherence well below random chance. As with human text, these findings are

consistent across 2, 3, 4, and 5-grams of emotion.

This result does not support the hypothesis that synthetic text is affectively
incoherent; at least not in relation to emotion changes for emotion 2, 3, 4 and
5-grams. This may be because the emotion distribution in the human text
used to pretrain Grover (which generated the synthetic text the NEWSsynth

dataset) is being “parroted” in the generated synthetic text.

Comparing human text to synthetic text Human text exhibits slightly
more affective coherence than synthetic text. Human text exhibits slightly
less affective incoherence than synthetic text. These results are statistically
significant (p < .001) and consistent across 2, 3, 4, and 5-grams of emotion. This
consistency across n-grams is not guaranteed. For example, we could have three
2-grams [joy, joyl, [sadness, sadness] and [fear, fear] which all have
zero emotion changes. However, when combined to make a 5-gram [joy, joy,
sadness, sadness, fear] there are 2 emotion changes. While the difference
between human and synthetic text is slight, in terms of percentage across the
whole training dataset of 10k articles, it is statistically significant and may
be useful (for example using machine learning techniques) for discriminating

human versus synthetic text.

Finally, we note that the disparity between affective coherence and random
chance, and affective incoherence and random chance, increases with n-gram

length; for human and synthetic text.
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6.4.2 Affective Coherence (in Emotion Affective Pro-

files) for Human and Synthetic News Articles

Having considered the emotion changes within n-grams of emotion from
NEWSsynth (train 10k), we now consider the emotion changes within each
individual article. We accomplish this by taking the affective profile of an
article (i.e. the sequence of emotions within the article) and counting the
number of times the emotion changes within the article. However, the mean
number of sentences in a human article is 29.33, while it is 19.51 for synthetic
articles in the NEWSsynth (train 10k). Therefore, we use percentage values,
rather than absolute values, to account for the differing length of articles.
The following is an example of calculating the number of emotion changes in
an article: An affective profile with 11 emotions can have a maximum of 10
emotion changes; if there are 4 emotion changes then we say the percentage
of emotion changes is (4/10) * 100 = 40%. We calculate the percentage of
emotion changes in each individual article in NEWSsynth (train, 10k) and

compare human and synthetic articles.

Human Synthetic

Mean 59.12 60.35
o 17.65 18.64
Median 61.54 62.50

Table 6.2: Statistics for percent emotion changes for human and synthetic ar-
ticles in NEWSsynth (train 10k). The human and synthetic distributions are
similar for mean, median, and ¢ (standard deviation), as illustrated in Figure
6.5. Nonetheless, the differences are statistically significant (p < .001).

As shown in Table 6.2 and Figure 6.5, the distribution of emotion changes
in human and synthetic articles from NEWSsynth (train 10k) are quite similar,
nonetheless, the differences are statistically significant (p < .001). Data and
calculations are provided in Appendix F. The mean ‘percent emotion change’
in human text is 59.12% with a o of 17.65%, compared to 60.35% and 18.64%

respectively for synthetic text. The median for human text is 61.54% and for
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Human and Synthetic Article Emotion Change Distribution
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Figure 6.5: Distribution of emotion changes per article for human and synthetic
text in NEWSsynth (train 10k). The distributions are similar for human and
synthetic text, peaking at just over 60%, as shown in Table 6.2. Nonetheless, the
differences are statistically significant (p < .001)
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Figure 6.6: Scatter plot of synthetic vs human percentage emotion changes per
article - for a human article (used as prompt) and the corresponding article.
There is weak correlation, with Pearson p = 25.92 and Spearman p = 24.84.
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synthetic text it is 62.50%. This similarity is consistent with our previous
results (§6.4.1) showing human and synthetic text have similar distributions
of emotion change over 2, 3, 4, and 5-grams of emotion, in the NEWSsynth
dataset.

Figure 6.6 is a scatter plot comparing the emotion change for a human
article, used as prompt to Grover, and the resulting synthetic article from
NEWSsynth (train 10k). The Pearson p is 25.92 and the Spearman p is 24.84;
indicating a very weak correlation between the emotion changes in a human
article and the emotion changes in the corresponding synthetic article. There-
fore, you cannot predict the affective coherence of a synthetic article, even if you
know the affective coherence of the human prompt article, when using Grover.
The implication is that you cannot control the emotion changes in a synthetic
article by selecting emotion changes in the human prompt article. This very
weak correlation is indicative of the need for methods to control the affective
content of synthetic text as mentioned in §2.2.4. We will see similar results for

affective coherence (§6.4.3) and sentiment (§6.5).

6.4.3 Measuring Affective Coherence with 1 and 9-

Profile

Thus far, in this chapter, we measured emotion changes in a binary fashion
- either the emotion changed or it stayed the same. We now leverage 9, the
difference between emotions which we introduced in Chapter 4, to give a more

fine-grained description of emotion changes in NEWSsynth (train 10k).

Measuring affective coherence with -profile We take the affective pro-
file for an article and measure the § between successive emotions, thus producing
a d-profile for each article. Table 6.3 shows an example affective profile, and
the resulting d-profile. We calculate the é-profile for all articles in NEWSsynth

(train 10k), and compare the distribution of ¢ values for human and synthetic
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articles as shown in Figure 6.7. The greater values for affective coherence
(0 = 0) and lower values for affective incoherence (6 = 4), in addition to the
similarity between human and synthetic distributions, are consistent with our
earlier findings on affective coherence - using n-grams (§6.4.1), and affective

profile (§6.4.2).

Affective Profile d-profile
[fear, fear, fear, surprise, surprise, fear, [0, 0, 1, 0, 1,
fear, fear, anticipation, fear] 0, 0, 3, 3]

Table 6.3: An example affective profile and resulting d-profile for a human article
from the NEWSsynth dataset. The J-profile corresponds to the § between suc-
cessive emotions. For example, ‘fear’-‘fear’ in the affective profile results in ‘0’ in
the d-profile; while ‘fear’-‘anticipation’ results in ‘3" in the J-profile. See Table
4.1 for the o between Plutchik’s emotions.

Distribution of Delta values for Human and Synthetic Text,
in NEWSsynth (Train 10k)
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Figure 6.7: Distribution of ¢ wvalues for human and synthetic articles in
NEWSsynth (train 10k). The greater values for affective coherence (6 = 0) and
lower values for affective incoherence (6 = 4), in addition to the similarity be-
tween human and synthetic distributions, are consistent with our earlier findings
on affective profiles.
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Measuring affective coherence with v Utilising the d-profile, which we
calculated for every article in NEWSsynth (train 10k), in concert with the 1)
metric (Equation 6.1) - allows us to calculate a v score for each article. But
what is the meaning of a ¢ score for an article based on its d-profile? The v
score for an article is a measure of the affective coherence of the article. For
example, if an article has an affective profile with 11 emotions which are all
the same, then it will have a J-profile consisting of ten 0’s. If we plug the
d-profile into Equation 6.1 we will get a v score of 100%. On the other hand,
if the emotions in the article alternate between opposing emotions (say ‘joy’
and ‘sadness’) then the affective profile will consist of ten 4’s. If we plug the
d-profile into Equation 6.1 we will get a 1) score of 0%. Therefore, a higher
1) score indicates affective coherence, while a lower ¢ score indicates affective

incoherence.

100 e
w:W<N_Zn56 ) (6.1)

Equation 6.1 shows the 1) metric, where:

N Total number of examples being tested

) Distance between two emotions (0,1,2,3,4) per Table 4.1.
Omar  Maximum distance between two emotions? i.e. 0,4 = | Pemme |
Nemo Total number of emotions (8 for Plutchik)

ns Number of occurrences of a particular § value (0..N)
(0 Strength of Affective Coherence
Y < 30 None or very weak

30 < <50 Weak
50 < ¢ < 70 Moderate
Y > 70 Strong

Table 6.4: Table showing 1) and the strength of affective coherence.

Therefore, we can use ¥ to measure and compare the affective coherence

of human and synthetic articles in NEWSsynth (train 10k). Furthermore, we

For Plutchik’s 8 emotions: a0, = [ 2222 | = [3] =4
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can ‘bucket’ ¢ scores, similar to Table 2.4 for correlations, to label the affective
coherence as ‘very weak’, ‘weak’, ‘moderate’, or ‘strong’; as shown in Table 6.4.

We introduced v as a metric for measuring and evaluating emotion clas-
sifiers, but we also introduced v as a flexible and extensible framework. This
‘overloading’ of ¢, to measure affective coherence, is an example of the flexibility
and extensibility of .

Table 6.5 and Figure 6.8 show the distribution of v scores for human and
synthetic text in NEWSsynth (train 10k). The distributions are very simi-
lar, with human text showing slightly higher affective coherence than synthetic
text. The mean and o (standard deviation) are almost identical for human
and synthetic text: a mean of 70.05% & 69.66% and o of 12.00 & 12.23, for
human and synthetic text respectively. Similarly, the median values are 69.64%
and 69.35% for human and synthetic text are almost identical. This is consis-
tent with our previous results (§6.4.2) whereby human and synthetic text have

similar distributions.

Human Synthetic

Mean 70.05 69.66
o 12.00 12.23
Median 69.64 69.35

Table 6.5: Statistics for ¢ (affective coherence) for human and synthetic articles
in NEWSsynth (train 10k). The human and synthetic distributions are similar
for mean, median, and o (standard deviation), as illustrated in Figure 6.8.

Figure 6.9 is a scatter plot comparing the 1) score (affective coherence) for
a human article, used as prompt to Grover, and the resulting synthetic article
from NEWSsynth (train 10k). The Pearson p is 31.19 and the Spearman p
is 31.65; indicating a weak (borderline very weak) correlation between the v
score in a human article and the 1) score in the corresponding synthetic article.
Therefore, as we saw earlier with the distribution of emotion changes (§6.4.2),
you cannot predict (or control) the affective coherence (¢ score or d-profile)

of a synthetic article - even if you know the affective coherence (¢ score or
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d-profile) of the human prompt article, when using Grover. This borderline
weak correlation is consistent with our earlier result for distribution of emotion
changes (§6.4.2), and we will see similar for sentiment changes (§6.5.3) in the

next section.

6.5 Sentiment Experiments

Thus far, in this chapter, we generated the affective profile for an article from
Plutchik’s 8 emotions. However, by using sentiment we can generate a more
coarse view of the affective profile of an article, and this coarse view may eluci-
date some features of the affective profile which are potentially diluted by the
larger number of emotions used by Plutchik. We use binary sentiment (positive,
negative), rather than ternary sentiment (positive, negative, neutral), because it
is the topmost division of positive and negative valence as described by Ortony
et al. (1988), and is, therefore, the most coarse affective profile possible.

We evaluate two candidate sentiment classifiers (§6.5.1) and choose the best
performing model to generate binary sentiment affective profiles (similar to
Chapter 5 for emotion) for NEWSsynth (train 10k). We compare the affective
profiles of human and synthetic articles for sentiment changes in §6.5.3 (similar
to §6.4.2 for emotion); and sentiment n-grams in §6.5.2 (similar to §6.4.1 for

emotion).

6.5.1 Selecting a Sentiment Classifier

Creating an affective profile for sentiment requires a suitable sentiment classi-
fier. We previously used DistilBERT}.s uncased (Sanh et al., 2020) finetuned
on the SST-2 dataset (Socher et al., 2013) for sentiment analysis (§3.4.3). Subse-
quently, Hartmann et al. (2023) published and released SIEBERT - a RoBERTa-
large model fine-tuned and evaluated on 15 diverse sentiment datasets. Hart-

mann et al. (2023) reported superior performance from SiIEBERT, compared
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Psi Score (Affective Coherence) for Human and Synthetic Text,
in NEWSsynth (Train 10k)
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Figure 6.8: Distribution of v score per article for human and synthetic text in
NEWSsynth (train 10k). The distributions are similar for human and synthetic
text, with mean and median around 70%, and o around 12, as in Table 6.5.
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Figure 6.9: Scatter plot of synthetic vs human 1 score per article - for a human
article (used as prompt) and the corresponding article. There is weak correlation,
with Pearson p = 31.19 and Spearman p = 31.65.
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to DistilBERT ., on all 15 datasets with an average accuracy of 78.1% for
DistilBERT ,ae, and an average accuracy of 93.2% for SIEBERT.

We choose two familiar datasets in the news domain on which to evaluate
the two sentiment classifiers. We evaluate SIEBERT and DistilBERT}),. models
on the GNE and AT datasets which were mapped to sentiment, as shown in
Table 6.6. After mapping GNE to sentiment there was a label imbalance - 1418
positive and 3582 negative examples. The labels were balanced, by randomly
removing excess negative examples, to give 1418 positive and 1418 negative
examples. Similarly, AT was imbalanced after mapping to sentiment, with 441
positive and 592 negative examples. Random negative examples were removed

to give a balanced dataset with 441 positive and 441 negative examples.

As shown in Table 6.6 ‘surprise’ was removed from the AT dataset be-
fore mapping. In order to determine if ‘surprise’ is positive or negative senti-
ment, we previously used DistilBERT},,¢ to classify examples from AT labelled
‘surprise’. If we used DistilBERT},s to predict sentiment for ‘surprise’, and
then test DistilBERT},.¢. against these predictions - we would introduce bias in
favour of DistilBERT .. Therefore, we remove the ‘surprise’ examples from
AT before mapping to sentiment. We believe this removal is acceptable for
several reasons (in addition to the removal of possible bias). First, removing
‘surprise’ impacts both positive and negative sentiment, and actually reduces
the imbalance in AT. We saw above that AT without ‘surprise’ is imbalanced
when mapped to sentiment (441-positive, 592 negative), and we saw in §3.4.3
that 85.95% of ‘surprise’ mapped to negative sentiment. Therefore, including
‘surprise’ would result in a greater imbalance, and necessitate the removal of
additional negative examples. Second, we are evaluating on sentiment, which
is coarser than individual emotions, so the removal of a specific emotion (par-
ticularly one that maps to an over-represented label) is not as critical. Thirdly,
‘surprise’ is still represented in GNE and the sentiment classifiers are evaluated

on both datasets. Finally, we see that both datasets give similar results for the
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sentiment classifiers.

Dataset Emotion

Sentiment Count

trust, love/like, joy, pride, positive anticipa-
tion / optimism, positive surprise

positive 1418

GNE disgust, fear, negative anticipation / pes-
simism, sadness, guilt, shame, anger, annoy- — negative 1418
ance, negative surprise
joy —  positive 441
AT-s sadness, fear, anger, disgust —  negative 441
(surprise)* 0

Table 6.6: Sentiment Mapping Schema: GoodNewsEveryone (15 emotions), and
Affective text (6 emotions) mapped to binary sentiment. Count shows the sen-
timent label distribution in the dataset after balancing. * Surprise was removed
from AT because we previously used DistilBERT-base to map surprise to senti-
ment, so testing DistilBERT-base on ‘surprise’ from AT would bias the results in

favour of DistilBERT-base.

Table 6.7 shows the results of evaluating DistilBERT},..c and SIEBERT on

two datasets mapped to sentiment i.e GNE and AT-s (Affective Text minus

‘surprise’). Accuracy, True Positive Rate (TPR) and True Negative Rate (TNR)

are reported. SIEBERT has a lower TNR but outperforms DistilBERT},. in

Accuracy and TPR. Due to its superior performance in our evaluation, we

choose SIEBERT as the sentiment classifier for generating affective profiles on

the NEWSsynth (train 10k) dataset.

Dataset Model Accuracy TPR  TNR
GNE DistilBERT },ase 70.52 59.45 81.59
SiEBERT 76.97 72.99 80.96
AT-s DistilBERT e 79.59 72.79 86.39
SiEBERT 87.19 91.38 82.99

Table 6.7: Results for sentiment classifiers tested against the (mapped to senti-
ment) GNE and AT-s (Affective Text minus ‘surprise’) datasets. TPR is True
Positive Rate (aka Sensitivity, Recall), and TNR is True Negative Rate (aka
Specificity). TPR, TNR, and Accuracy are reported. SiEBERT has a lower
TNR, but outperforms DistilBERT},.s. for Accuracy and TPR.
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6.5.2 Affective Coherence (in Sentiment N-grams) for

Human and Synthetic News Articles

We reuse our methodology from §6.1, but modify it to use n-grams of sentiment
rather than n-grams of emotion. As before, we generate 2, 3, 4, and 5-grams.
The distribution of sentiment changes within sentiment n-grams are shown
in Figures 6.10 to 6.13. The pattern of results we saw for emotion n-grams
(§6.4.1) are essentially identical to the results we see for sentiment n-grams.
The consistent pattern of results for sentiment 2, 3, 4, and 5-grams are:

1. Human text displays affective coherence well above chance, and affective
incoherence well below chance.

2. Synthetic text displays affective coherence and affective incoherence similar
to human text; however, the difference is statistically significant (p < .001).
Data and calculations are provided in Appendix F.

3. Human text displays slightly more affective coherence, and slightly less
affective incoherence, than synthetic text, and the difference is statistically
significant (p < .001).

4. The disparity between affective coherence and random chance, and affective
incoherence and random chance, increases with n-gram length; for human

and synthetic text.

6.5.3 Affective Coherence (in Sentiment Affective Pro-

files) for Human and Synthetic News Articles

We reuse our methodology from §6.4.2, but modify it to use sentiment rather
than emotion. SiEBERT predicted the binary sentiment (positive, negative)
for each sentence in each news article of the NEWSsynth (train 10k). The 10k
articles are distributed equally between human and synthetic i.e. 5k articles
each. The sequence of sentiments in each article represents that articles affective

profile. A sample affective profile for a human article comprising 10 sentences,
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Distribution of Sentiment Changes within Sentiment 2-grams
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Figure 6.10: The distribution of sentiment changes for sentiment 2-grams. Hu-
man text exhibits affective coherence (sentiment changes = 0) well above chance
(66.51% vs 50.00%). Human text exhibits affective incoherence (sentiment
changes = 1) well below chance (33.49% vs 50.00%). The results indicate hu-
man text is affectively coherent. However, synthetic text exhibits similar affective
coherence to human text. Nonetheless, human text is more affectively coherent
than synthetic text, and human text is less affectively incoherent than synthetic
text, and this difference is statistically significant (p < .001).

Distribution of Sentiment Changes within Sentiment 3-grams
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Figure 6.11: The distribution of sentiment changes for sentiment 3-grams. Hu-
man text exhibits affective coherence (sentiment changes = 0) well above chance
(48.48% vs 25.00%). Human text exhibits affective incoherence (sentiment
changes = 2) well below chance (15.63% vs 25.00%). The human and synthetic
distribution difference is significant (p < .001). The results are consistent with
2-grams in Figure 6.10.
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Distribution of Sentiment Changes within Sentiment 4-grams
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Figure 6.12: The distribution of sentiment changes for sentiment 4-grams. Hu-
man text exhibits affective coherence (sentiment changes = 0) well above chance
(37.07% vs 12.50%). Human text exhibits affective incoherence (sentiment
changes = 3) well below chance (6.16% vs 12.50%). The human and synthetic
distribution difference is significant (p < .001). The results are consistent with
2-grams and 3-grams in Figures 6.10 and 6.11.

Distribution of Sentiment Changes within Sentiment 5-grams
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Figure 6.13: The distribution of sentiment changes for sentiment 5-grams. Hu-
man text exhibits affective coherence (sentiment changes = 0) well above chance
(29.19% vs 6.25%). Human text exhibits affective incoherence (sentiment changes
= 4) well below chance (2.90% vs 6.25%). The human and synthetic distribution
difference is significant (p < .001). The results are consistent with 2-grams, 3-
grams, and 4-grams in Figures 6.10 to 6.12.
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where ‘P’ is positive sentiment and ‘N’ is negative sentiment is shown in Table
6.8, along with the affective profile of the corresponding synthetic article gen-
erated by Grover comprising 11 sentences. Both articles are from NEWSsynth
(train 10k) dataset described in §3.2.2. As before, we use the affective profile
to calculate the ‘percent sentiment changes’, where previously we calculated

‘percent emotion changes’ (§6.4.2).

Source Affective Profile (binary sentiment)

Human [ N, N, N, P, N, P, P, P, P, N ]
Synthetic [ N, N, P, N, P, N, P, N, P, N, N ]

Table 6.8: An example affective profile for binary sentiment of a human article
and the corresponding synthetic article. The synthetic article was generated by
Grover (using the human article as prompt). Both articles are taken from the
NEWSsynth dataset. ‘N’ is negative sentiment, ‘P’ is positive sentiment.

The results for ‘percent sentiment change’ are consistent with our previous
results for ‘percent emotion change’ (§6.4.2). As shown in Table 6.9 and Figure
6.14, the distribution of sentiment changes in NEWSsynth (train 10k) are quite
similar for human and synthetic articles, nonetheless, the differences are statis-
tically significant (p < .001). Data and calculations are provided in Appendix
F. The mean ‘percent sentiment change’ in human text is 32.12% with a o of
16.40%, compared to 34.08% and 17.44% respectively for synthetic text. The

median for human text is 33.33% and for synthetic text it is 35.29%.

Human Synthetic

Mean 32.12 34.08
o 16.40 17.44
Median 33.33 35.29

Table 6.9: Statistics for percent sentiment changes for human and synthetic ar-
ticles in NEWSsynth (train 10k). The human and synthetic distributions are
similar for mean, median, and o (standard deviation), as illustrated in Figure
6.14. Nonetheless, the differences are statistically significant (p < .001).

Figure 6.15 is a scatter plot comparing the ‘percent sentiment change’ for
a human article, used as prompt to Grover, and the resulting synthetic article

from NEWSsynth (train 10k). The Pearson p is 28.10; indicating a very weak
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correlation between the percent sentiment changes in a human article and the
percent sentiment changes in the corresponding synthetic article. Therefore, as
we saw earlier with both the distribution of ‘percent emotion changes’ (§6.4.2)
and 1-score (§6.4.3), you cannot predict (or control) the affective coherence
of a synthetic article - even if you know the affective coherence of the human

prompt article, when using Grover.

The very weak correlation does not impact the use-case in this thesis be-
cause we classify a single article in isolation, not a pair of human and synthetic
articles. However, it may impact Turing Test (Turing, 1950) style classifica-
tion tasks where a pair of articles (human prompt article and corresponding
synthetic article) are to be classified - one human and one synthetic. The very
weak correlation suggests that knowing the length of the human article, or the
‘percent emotion changes’, or the v-score (for affective coherence), or the ‘per-
cent sentiment changes’, does not give an indication of the equivalent value
in the synthetic article. If, however, it had been the case that there was a
‘strong’ correlation, then it may be possible to infer which article is more likely
to be human and which is more likely to be synthetic. For example, if syn-
thetic articles tended to be twice the length of the human prompt article then,
given two articles, one could infer that the longer article is more likely to be
synthetic. However, the very weak correlation across all experiments suggests
no such inference can be made. Future work could investigate the correlation
between combinations of such features, for example combining article length
and 1-score, in human prompt articles and the corresponding synthetic article.
The very weak correlation is indicative of the need for methods to control the
affective content of synthetic text, as previously mentioned in §2.2.4, §6.4.2,

and §6.4.3, and surveyed in relation to sentiment by Lorandi and Belz (2023).
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Human and Synthetic Article Sentiment Change Distribution
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Figure 6.14: Distribution of ‘percent sentiment change’ per article for human and
synthetic text in NEWSsynth (train 10k). The distributions are similar for human
and synthetic text, with mean and median around 34%, and o around 17%, as in
Table 6.9. Nonetheless, the differences are statistically significant (p < .001).
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Figure 6.15: Scatter plot of synthetic vs human ‘percent sentiment change’ per
article - for a human article (used as prompt) and the corresponding synthetic
article. There is very weak correlation, with Pearson p = 28.10.
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6.6 Conclusion

In this chapter we answer Research Question 4 in the affirmative: “Can we gen-
erate and compare the affective profile of human text and synthetic text?”. We
generated affective profiles for human and synthetic articles, in our NEWSsynth
(train 10k) dataset from Chapter 3, using our fine-tuned PLM (RoBERTa-large)
for emotion classification from Chapter 5. We compared the affective profiles
of human and synthetic articles by analysing their affective coherence using

several methods.

We first used the affective profiles to generate emotion n-grams for
NEWSsynth (train 10k), and compared human versus synthetic text, which
yielded a pattern of results that we refer to as PR1 - as shown in Table 6.10.
We then used the affective profile to calculate ‘percent emotion change’ for
each article in NEWSsynth (train 10k), and compared human versus synthetic
text, which yielded a pattern of results that we refer to as PR2 - as shown in
Table 6.10. We generated a §-profile to calculate the J-distribution for human
and synthetic articles, yielding PR1 results. We then used the é-profile to
calculate the 1 score for human and synthetic articles, yielding PR2 results.

Then we turned to sentiment, and evaluated two sentiment classifiers
(DistilBERTase and SIEBERT). We selected SIEBERT based on its superior
performance in our evaluation. We generated affective profiles (sentiment)
using SIEBERT for NEWSsynth (train 10k). Taking a similar approach to
sentiment, as we did with emotion, we used the affective profiles to generate
sentiment n-grams over the NEWSsynth (train 10k) dataset. We compared
human versus synthetic text, which yielded PR1 results. Finally, we used
the affective profile to calculate ‘percent sentiment change’ for each article in
NEWSsynth (train 10k), and compared human versus synthetic text, which
yielded PR2 results. Statisitcal significance testing was conducted using
chi-squared (x?) for PR1 experiments, and using Kolmogorov-Smirnov for PR2

experiments. Data and calculations are provided in Appendix F.
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Table 6.11 shows each experiment in RQ4 and its corresponding pattern
of results (PR1 or PR2). Each pattern of results (PR1 and PR2) is produced
in three separate experiments, covering different classifiers (RoBERTa-large,
SiEBERT), emotion models (Plutchik, sentiment), and experimental method-
ologies (n-grams, affective profile, d-profile, 1) metric).

With Research Questions 1-4 answered, next we present our conclusions.

Name Pattern of Results

1. Human text displays affective coherence well above chance,
and affective incoherence well below chance.
2. Synthetic text displays affective coherence and affective in-

PRI coherence similar to human text. For both emotion and
sentiment n-grams the difference is statistically significant
(p < .001).

3. Human text displays slightly more affective coherence, and
slightly less affective incoherence, than synthetic text. For
both emotion and sentiment n-grams the difference is statis-
tically significant (p < .001).

4. The disparity between affective coherence and random
chance, and affective incoherence and random chance, in-
creases with n-gram length; for human and synthetic text.

1. Central tendency and spread are very similar for the distri-
bution of changes of emotion or sentiment in human and syn-
thetic articles from NEWSsynth (train 10k). For both emo-

PR2 tion and sentiment n-grams the difference is statistically sig-
nificant (p < .001).

2. Specifically, the mean, median, and ¢ are very similar for
human and synthetic text. For both emotion and sentiment
n-grams the difference is statistically significant (p < .001).

3. There is very weak (or borderline very weak) correlation be-
tween the emotion or sentiment in a human article and the
corresponding synthetic article.

Table 6.10: Two patterns of results arise consistently across all RQ4 experiments.
We refer to these patterns of results as PR1 and PR2.
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§ Experiment Results

6.4.1 Affective Coherence (in emotion n-grams) for Human and PR1
Synthetic News Articles

6.4.2 Affective Coherence (in emotion affective profiles) for Hu- PR2
man and Synthetic News Articles

6.4.3-6 Measuring Affective Coherence with 1, and J-profile PR1

6.4.3-1) Measuring Affective Coherence with ¢, and é-profile PR2

6.5.2 Affective Coherence (in sentiment n-grams) for Human and PR1
Synthetic News Articles

6.5.3 Affective Coherence (in sentiment affective profiles) for Hu- PR2

man and Synthetic News Articles

Table 6.11: Table showing our RQ4 experiments and their corresponding pattern
or results. Each pattern of results (PR1 and PR2) is produced in three separate
experiments, covering different classifiers, emotion models (Plutchik, sentiment),
and experimental methodologies (n-grams, affective profile, d-profile, 1) metric).
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Chapter 7

Conclusion

In this concluding chapter, we summarise the contributions of the research
(§7.1), and review the key findings and insights (§7.2), while also addressing
limitations of the research (§7.3) and highlight potential directions for future
work (§7.4).

7.1 Contributions

The contributions of this research are as follows:

1. We demonstrated that emotion can help in the task of synthetic text
detection. We did so using multiple PLMs of different sizes and archi-
tectures - for both generation of text and detection of text. We conducted
experiments primarily in the news domain, but also other domains. We used
multiple datasets for testing (NEWSsynth, ChatGPT100, RealNews-Test),

and compared our results to other authors reported results.

2. We created and released NEWSsynth - a dataset of 20k human and syn-
thetic (Grover) news articles. The hyper-parameters used for generating

synthetic text with Grover are provided in Appendix A.

3. We created and released ChatGPT100 - a dataset of 100 human and syn-

thetic articles (ChatGPT) in various domains, similar to Clark et al. (2021),
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using an LLM for synthetic text. Using ChatGPT100 we demonstrated that
our “emotionally-aware” model outperformed the standard model in syn-

thetic text detection (§3.5).

. We released multiple PLMs fine-tuned on emotion classification for
Plutchik’s 8 emotions, and Ekman’s 6 emotions. The absence of suitable
emotion classifiers necessitated the creation of our own classifiers (and cus-
tom datasets in many cases). We release the emotion classifiers spanning

multiple PLMs, and fine-tuned on multiple datasets.

. We released multiple datasets customised with emotion mappings
to Plutchik’s 8 emotions, Ekman’s 6 emotions, and binary sentiment. Once
again the absence of suitable resources necessitated the creation of our own
resources. We combined existing emotion datasets and created mapping
schemata as required, in some cases we also balanced the dataset across

emotions.

. We introduced 1) - a novel flexible framework for evaluating classi-
fiers (of dimensional emotions, and more). Inspired by the dimensional re-
lationship between emotions in Plutchik’s Wheel of Emotions we introduced
0 - a measure of emotion similarity. By introducing d to Plutchik’s
Wheel of Emotions we elevated it from an Ordinal scale to an Interval
scale which, crucially, allowed us to measure difference between emotions.
We introduced ¢(d) - a loss function which is flexible and extensible
and can be specified to suit user requirements. We added some terms to
the ¢(d) loss function to turn it into a percentage score, yielding the final
equation for ¢ - a novel flexible framework for evaluating classifiers.
We used 9 to evaluate and select emotion classifiers (RQ3). We demon-
strated the flexibility and extensibility of 1 when we used it to measure

and numerically quantify affective coherence in human and synthetic text
(RQ4).

137



7. We presented an analysis of affective profiles in human and syn-
thetic text news articles. We analysed the affective profile of the
NEWSsynth training set of 10k human and synthetic articles. We did so
using n-grams of emotion, and whole articles using different analytical
techniques (i.e. ‘percentage change of emotion’, and §-profiles). We con-
ducted the same experiments using binary sentiment. The results across
all experiments showed two consistent patterns of results emerging - for
human and synthetic text - which differ greatly from random chance. The
results showed that human and synthetic text were similar, but slightly
different, across all experiments. Nonetheless, for both emotion and
sentiment the difference between human and synthetic text is statistically

significant (p < .001).

We believe our contributions represent a valuable resource for researchers,
and those in industry, who wish to work with human and synthetic text, emotion

classification, and those who will find use beyond these applications.

7.2 Research Questions Revisited

We revisit each of our four research questions in turn, answering each research

question in the affirmative.

7.2.1 RQ1l - Can the performance of automatic syn-
thetic text detectors be improved by making
them ‘emotionally-aware’ compared to standard
detectors?

We demonstrated that the performance of automatic synthetic text detectors

can be improved by making them ‘emotionally-aware’ compared to standard

detectors. We did so by creating an ‘emotionally-aware’ synthetic text detector
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(by first fine-tuning it on emotion classification) and subsequently comparing
it against a standard synthetic text detector. We confirmed these results using
different size models (for synthetic text generation, and detection), different
architectures, and different datasets. We conducted an experiment using ran-
domised emotion labels to demonstrate the benefit of the emotion classification
task (as opposed to the benefit of additional fine-tuning) in the subsequent task
of synthetic text detection. However, the experiment also showed that the ad-
ditional fine-tuning with randomised emotion labels showed some improvement
over the baseline. We conducted an ablation study using multiple emotion
datasets in isolation and combination to determine which datasets gave the
best results in the subsequent task of synthetic text detection; we use these
results in this experiment, and subsequently, to inform our choice of datasets
in RQ3 when fine-tuning emotion classifiers. We conducted additional experi-
ments on the length of human and synthetic articles (words per article, words
per sentence, sentence per article); this enabled us to exclude length (in its var-
ious forms) as a potential proxy for synthetic text detection. We demonstrated
weak correlation between the length of a human article and the length of the
corresponding synthetic article; weak correlation between a human prompt ar-
ticle and the resulting synthetic article is also observed in RQ4 in relation to

emotion.

7.2.2 RQ2 - Is it possible to develop a framework for
measuring and evaluating classifiers of Plutchik’s 8
emotions which takes account of their dimensional
relationship?

We developed a framework for measuring and evaluating classifiers of Plutchik’s

8 emotions which takes account of their dimensional relationship. We refer

to this framework as the 1 metric, or simply 1. Leveraging the dimensional
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relationship between Plutchik’s 8 emotions, we introduced § - a measure of
emotion similarity. We defined a loss function ¢(9) which, with some additional
terms, we used to define an equation for ). We described the flexibility and
extensibility of ¢ through examples of different loss functions, ¢(d), such as
linear, quadratic, logistic, step etc. We compared v against Accuracy, MAE,
and RMSE highlighting its advantages over each of them - such as its fine-
grained measurement (rather than using binary correct or incorrect), and
scores are always (regardless of, for example, the number of emotions) in the
familiar range 0..100%.

We saw a real-world application of ¢, in RQ3, when we used it to evaluate
and select an emotion classifier. Then, in RQ4, we demonstrated the flexibility
and extensibility of 1 when measuring affective coherence. We describe the
aspects of those experiments relating to ¢ here, rather than in relation to RQ3

and RQ4 respectively.

Using 1 for Emotion Classification Having used ¢ in the evaluation and

selection of an emotion classifier in RQ3, we can make the following conclusions:

e The results in the RQ3 experiments demonstrate that ¢ is a useful metric.

e ¢ gives a more nuanced result (than binary in/correct metrics) and gives a

more fine-grained measure of classifier performance.

e 1 tends to give a different score than F'1, and can rank models differently
than F'1,. Therefore, ¥ can impact model selection and potentially benefit
downstream tasks. We saw an example of this with the fine-tuning test

results in §5.3.

e Notwithstanding the last point, 1 correlates (Pearson and Spearman)
strongly with existing metrics (Accuracy, MAE, RMSE) - demonstrating it

is not an outlier.

e ) appears to be less volatile than F'1,, having lower standard deviation, o.

140



Using ¢ (and é-profile) for measuring Affective Coherence Having
used both ¢ and d-profile for measuring affective coherence in RQ4, we can

make the following conclusions:

e The results in the RQ4 experiments demonstrate that 1 is a useful metric,
as is the d-profile, because they provided us with novel ways to accomplish

our task i.e. measure affective coherence.

e The application of both 1 and d-profile to measuring affective coherence
was a novel application which was not anticipated when 1 was developed;
thereby supporting the contention that v is flexible and extensible - beyond

our initial use-cases.

e The fact that the pattern of results for both 1 and J-profile were consistent
with all the other experiments in RQ4, reinforces our conclusion above from

RQ3 i.e. it demonstrates that 1, while novel, is not an outlier.

7.2.3 RQ3 - Can we exploit the dimensional relationship
between Plutchik’s 8 emotions to enable optimal

selection of an automatic emotion classifier?

We exploited the dimensional relationship between Plutchik’s 8 emotions to
enable optimal selection of an automatic emotion classifier. We created a cus-
tom dataset by combining the two best performing emotion datasets from our
ablation study in RQ1, mapping them to Plutchik’s 8 emotions, and balancing
the resulting dataset across emotions. We used the custom dataset to fine-tune
15 individual PLMs and 6 ensembles, in addition to testing 15 PLMs using
zero-shot NLI. We used our metric ¢, from RQ2, to evaluate and choose the
best performing classifier from the resulting 36 candidate individual models and
ensembles.

In RQ3, we took advantage of several aspects of our work from RQ1 and
RQ2. We used a similar method for fine-tuning the emotion models as we did

in RQ1. We also benefited from the ablation study which identified the best
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performing emotion datasets. We evaluated and selected the best performing
emotion classifier based on our evaluation using ¢ from RQ2. However, we
also evolved and refined our approach from our earlier work. We balanced
our custom emotion dataset across labels as this can improve performance. In
addition to individual models, we also used ensembles of individual models. We
experimented with zero-shot NLI for emotion classification, which is a different
approach to fine-tuning which we used heretofore. Crucially, we used Plutchik’s
8 emotions instead of Ekman’s 6 emotions. We made this choice because of
the dimensional relationship between Plutchik’s emotions and our ability to
exploit this by introducing ¢ (a measure of emotion similarity) which elevated
Plutchik’s Wheel of Emotion from the Ordinal scale to the Nominal scale. This
opened up numerous opportunities including: 0, d-profile, ¢(0), and ¢ itself;
which we subsequently used for evaluating and selecting an emotion classifier in
addition to calculating a ¢ score for affective coherence which was not originally
anticipated. We hope that ¢, and its components (9, d-profile, ¢(d)) will find

application in other areas, and we allude to some in the Future Work section.

7.2.4 RQ4 - Can we generate and compare the affective

profile of human text and synthetic text?

We generated and compared the affective profile of human text and synthetic
text. We used our emotion classifier (RQ3) to generate affective profiles for
10k human and synthetic articles from the training split of our NEWSsynth
dataset (RQ1). We compared the affective coherence of the human and syn-
thetic text for n-grams of emotion, and whole articles. We analysed them in
relation to ‘percent emotion change’, and their ¢ score (RQ2) which we cal-
culated based on the J-profile of each article. We repeated the process using
binary sentiment, after evaluating two candidate sentiment classifiers. Two
consistent patterns of results (PR1 and PR2) emerged across all of the exper-

iments. PR1 showed that human and synthetic text both displayed affective
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coherence well above chance, and affective incoherence well below chance. It
also showed that human text and synthetic text are quite similar, but human
text is slightly more affectively coherent, and slightly less affectively incoherent,
than synthetic text. Chi-squared analysis showed that, for both emotion and
sentiment n-grams, the difference between human and synthetic text is statisti-
cally significant (p < .001). Finally, PR1 showed the disparity between affective
coherence and random chance, and the disparity between affective incoherence
and random chance, increases with n-gram length. PR2 showed that the cen-
tral tendency (mean and median) and spread (standard deviation (o)) are very
similar for the distribution of changes of emotion or sentiment in human and
synthetic text. Kolmogorov-Smirnov analysis showed that, for both emotion
and sentiment distributions, the difference between human and synthetic text
is statistically significant (p < .001). PR2 also showed there is a very weak, or
borderline very weak, correlation between the emotion or sentiment in a human

article and the corresponding synthetic article.

The consistency of the pattern of results (PR1 and PR2) across various
length n-grams and full news articles, and for both emotions and sentiment,
is noteworthy. It supports the validity of the mapping schemata for emotion
(Table 5.1 mapping GNE from 15 emotions to Plutchik’s 8 emotions), and sen-
timent (Table 6.6 mapping GNE and AT from 15 and 6 emotions respectively
to binary sentiment). It supports our RQ3 selection of RoBERTa-large, using
the v metric, as the emotion classification model because it yielded a similar
pattern of results for the affective profiles as SIEBERT yielded. SiEBERT is
a sentiment classifier with an average Accuracy of 93.2% across 15 datasets
(Hartmann et al., 2023). It supports the validity of our method i.e. fine-tuning
RoBERTa-large on our custom dataset (GAB) using our custom metric (1) for
evaluation on the task of classifying Plutchik’s 8 emotions; while SIEBERT is
also a RoBERTa-large model but fine-tuned on 15 different datasets on the task

of binary sentiment analysis by Hartmann et al. (2023). Both models were run
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against our custom dataset, NEWSsynth (train 10k), and both models yielded
a consistent pattern of results. In summary, the consistency of results between
methods which start with similar language models (no doubt initialised differ-
ently), which are then fine-tuned with different datasets (GAB vs 15 different
datasets), and different emotion models (Plutchik vs binary sentiment), from
different researchers (our work vs Hartmann et al. (2023)), and using different
analyses (n-grams, full articles, ‘percent emotion change’, J-profile, ¢ score)

gives some support to the results.

Another consistent result in the RQ4 experiments is the very weak, or weak
(borderline very weak), correlation (Pearson, and Spearman) between the emo-
tion or sentiment in a human article and the corresponding synthetic article.
This is consistent with RQ1 where we saw very weak correlation between the
length of a human prompt article and the length of the resulting synthetic ar-
ticle. This very weak correlation, between a human prompt article and the
resulting synthetic article, is evidence of the difficulty of controllable text gen-
eration. It also suggests that Turing Test scenarios, classifying a pair of articles,
may not benefit from the emotion and sentiment techniques used in our exper-

iments.

RQ4 brought together aspects of our work from RQ1 (NEWSsynth dataset),
RQ2 (¢, d-profile), and RQ3 (emotion classifier). RQI results support the
hypothesis that PLMs may have an affective deficit. The results from RQ4 show
some similarity, between human and synthetic text when compared against
random chance, in their affective profile as it relates to measures of affective
coherence. There is a consistent pattern where human text displays slightly
more affective coherence, and slightly less affective incoherence, than synthetic
text. The difference between human and synthetic text is statistically significant
(p < .001). This difference may also prove to be exploitable in the task of

synthetic text detection.
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7.2.5 Overarching Hypothesis Revisited

In the Introduction (Chapter 1) we introduced four Research Questions (§1.2)
and stated that the overarching hypothesis of this research is that the task
of synthetic text detection can be improved by exploiting emotion.
The results from RQ1 support this hypothesis by demonstrating several
‘emotionally-aware’ PLMs outperforming otherwise equivalent standard PLMs
in the task of synthetic text detection. The results from RQ4 show that, while
human and synthetic text show similar distributions, there are differences in
their affective profile which are statistically significant (p < .001) and could be
exploited in the task of synthetic text detection. We discuss this possibility in

Future Work (§7.4). But first, we will address some limitations of our work.

7.3 Limitations

In this section, we discuss limitations which the reader should be cognisant of
when interpreting the findings we have presented.

The datasets used in this work (synthetic text datasets, emotion datasets,
and sentiment dataset) are English language and, where those datasets were
used to fine-tune PLMs, the resulting PLM performance may vary for other
languages. We primarily focus on the news domain and, while performance
in other domains may vary (Merchant et al., 2020), we include experiments in
several non-news domains (§3.5). Our rationale for choosing the news domain,
and a description of the emotional content of our NEWSsynth dataset, was
mentioned in the Introduction (Chapter 1).

Emotion classification is a difficult task (§2.3.4), notwithstanding that, the
performance of the emotion classifiers in RQ1 and RQ3 leaves room for im-
provement - which, in turn, could lead to improvements in the downstream
tasks i.e. synthetic text detection in RQ1, and improvements in the ‘quality’

of the affective profiles in RQ4 (which are generated by the top performing
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emotion classifier from RQ3). In RQ1 the emotion datasets are imbalanced
across emotion labels, this imbalance can negatively impact performance of
models fine-tuned on those datasets. However, we conducted ablation experi-
ments to find the best combination of emotion and sentiment datasets (§3.4.3).
The 15 emotions in GoodNewsEveryone were mapped to Plutchik’s 8 emotions
and Ekman’s 6 emotions, factoring in Plutchik’s wheel of emotion (Plutchik,
1980, 2001), but there is no firm agreement in the literature as to which is the
‘correct’ or ‘best’ emotion model (Ekman, 2016). The emotion models used in
this work (Ekman’s 6 basic emotions, and Plutchik’s Wheel of Emotion) are
the two most popular in affective NLP literature. We built on the mapping
schema of (Bostan and Klinger, 2018) for emotion and explained our choices
where that mapping schema was inadequate. Similarly, we followed the map-
ping schema of (Chaumartin, 2007) for mapping from emotions to sentiment
where appropriate.

The maximum input sequence length of BERT is 512 tokens and articles
longer than this are truncated, which may negatively affect performance on
the synthetic text detection task (Ippolito et al., 2020). However, we also saw
that increasing the input sequence length may actually contribute to poorer
performance (§3.3).

Datasets derived from user-generated content raise ethical concerns, such
as harmful content and privacy, and this applies to language models which use
such content in training (whether pretraining or fine-tuning). It also applies
to potential harmful content in synthetic text (Gehman et al., 2020) which are
among the dangers which are the subject of ongoing discussion and research
(Bender et al., 2021). Ethical concerns are highlighted with our published

datasets and language models with the following advisory:

Care must be taken when using these language models (emoPLMsynth
and PLMsynth), and datasets (NEWSsynth and ChatGPT100) as they

may produce or contain ethically problematic content. Data scraped
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from the web may contain content which is ethically problematic
such as adult content, bias, toxicity etc. and web-scraped data is
used in the pre-trained language models such as BERT, BLOOM and
Grover. PLMsynth and emoPLMsynth are based on BERT or BLOOM
PLMs, while NEWSsynth was generated by Grover. Consequently,
emoPLMsynth and PLMsynth could produce text which is ethically
problematic, while NEWSsynth may contain ethically problematic
content. As a result, any use of the language models (emoPLMsynth,
PLMsynth) or the datasets (NEWSsynth or ChatGPT100) should em-
ploy appropriate checks and test regimes to handle potential harmful

content.

The results from RQ4 show a similarity between the affective profile of
human and synthetic text in relation to affective coherence and affective in-
coherence. This similarity could be because the overarching hypothesis, i.e.
“the task of synthetic text detection can be improved by exploiting emotion”,
is false. However, our results from RQ1 support the hypothesis for different
size models, different datasets, and in different domains. Another possibility is
that the hypothesis is true, but our results do not reflect the full extent of the
differences between the affective profiles of human and synthetic text i.e. the
differences are in fact larger than our results indicate. It could also be the case
that the hypothesis is true and our results are accurate, i.e. the differences are
small, but our analysis of the results did not adequately expose the differences.
In both of these scenarios, exploring alternative methods for generating and
analysing the affective profile may improve the results and the conclusions we
can draw from them. We reiterate that the small differences may be exploitable
using machine learning techniques (we expand on this in the future work section
below). We further reiterate that, despite appearing similar, the differences be-
tween human and synthetic text are statistically significant (p < .001). The

statistical significance was demonstrated with a chi-squared (x?) analysis for
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emotion n-grams (§6.3) and for sentiment n-grams (§6.5.2); and it was demon-
strated with a Kolmogorov-Smirnov analysis of the distribution for human and
synthetic text of the ‘percent of emotion maximum changes per article’ (§6.4.2)
and ‘percent of sentiment maximum changes per article’ (§6.5.3).

In §1.1 we introduced the concepts of affective coherence and affective in-
coherence and hypothesised that human text is affectively coherent whereas
synthetic text may be affectively incoherent. We provided some justification
for this hypothesis and described how it may be investigated using the datasets,
detectors, and metrics created in this work. We also highlighted that human
text may be incoherent, and synthetic text may be coherent. We reiterate these
points here, and we will refer to them in the next section - Future Work.

Resource usage (carbon, compute, memory, time) were reduced by using
smaller models where possible and using random search rather than exhaustive
grid search; but this can come at a performance cost. Large Language Models
(LLMs) did not exist when this research began, but they are now widely avail-
able. While we have used some LLMs, such as BLOOM and GPT 3.5, much
of this research uses the PLMs which were state-of-the-art at the time. Having

addressed some of the limitations of our work, we now consider future work.

7.4 Future Work

In this section, we consider some of the ways we can build upon the work
presented in this thesis, including addressing some of the above limitations.
We mentioned our use of monolingual English datasets. This could be ex-
panded to include other specific languages and/or multilingual datasets. An-
other consideration, regarding language choice, is that the performance of spe-
cific languages can vary. For example, Bareif} et al. (2024) reported that, in
relation to zero-shot NLI for emotion detection, prompting in English tends to
give better results overall - regardless of the target language. We also men-

tioned our primary domain was news, this could also be expanded to include
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other domains of interest - for example, social media sources such as X (for-
merly Twitter), reddit etc. A key consideration for language and domain is the

availability of suitable datasets.

7.4.1 RQl

We saved resources by using smaller models where possible. RQ1 experiments
could be repeated using other PLMs for detection such as RoBERTa (Liu et al.,
2019) which we use in RQ3 and RQ4, along with the latest version of the
LLMs we used in these experiments i.e. BLOOM (Scao et al., 2023) and GPT
4.0 (OpenAl, 2022), in addition to the latest open source LLMs like LLaMa
(Touvron et al., 2023b), LLaMA 2 (Touvron et al., 2023a), Vicuna (Chiang
et al., 2023), Falcon (Penedo et al., 2023), and Mistral (Jiang et al., 2023).
Additional gains may be found by hyperparameter tuning, including prompt
engineering (Liu et al., 2023). However, hyperparameter tuning can be resource
hungry. Where supported by the language model, we could allow for a longer
input sequence length as this can improve the performance of synthetic text

detectors (Ippolito et al., 2020).

7.4.2 RQ2

We used § values where § € Ny i.e. the Natural numbers including zero. How-
ever, where a continuous loss function ¢(¢) is used (as is the case for all the
example loss functions we described (§4.4), with the exception of the Step func-
tion) it is possible to specify floating point numbers for ¢ values i.e. § € R.
This could prove very powerful, practical and flexible for users who may have
varying distances (and therefore ¢ values) between classes. For example, if
Horse and Donkey are § = 1 apart it may suit the user to specify that a Mule
is 6 = 0.5 from both. Further work could investigate and demonstrate practical
use-cases, in NLP and beyond, where 6 € R could prove advantageous. Sim-

ilarly, investigating and demonstrating this could be done with the ¢(J) loss
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functions specified in (§4.4) in addition to other potential loss functions.

It may be possible to further develop § (and therefore ¢(9) and 1) to work
on a Ratio scale as shown in Table 2.3 by using Plutchik’s 8 emotions plus
‘Neutral” - where neutral is the “absolute zero” value as described by Stevens
(1946).

In RQ1 and RQ3 we fine-tuned PLMs using the standard cross-entropy loss
function. We suggest using the 1) metric, and more specifically the ¢(9) loss
function, as the loss function when fine-tuning a PLM. This has the potential
to improve classifier performance because it could give more nuanced and fine-
grained loss information to the fine-tuning algorithm. In addition, the 1 metric
can be used to evaluate the classifier performance (as we did in §5.3).

In RQ4 we used the ¥ metric in a novel way, i.e. to measure the affective
coherence of articles - based on their affective profile. As such, we used
as an additional method to compare the affective coherence of human and
synthetic text. Once again, further work could investigate and demonstrate

other practical applications, in NLP and beyond, for .

7.4.3 RQ3

We used fine-tuning and zero-shot NLI for emotion classification in RQ3, and
this could be extended to use LLMs for emotion classification. The LLMs
listed in Future Work for RQ1 would be suitable candidates, and could include
prompt-engineering with the prompt-types defined by Plaza-del Arco et al.
(2022). When balancing the GAB dataset (§5.2), we noted that we would not
use synthetic text to create additional examples for the dataset because this
could interfere with our downstream task i.e. comparing affective profiles of
human and synthetic text. We also noted that future work could investigate
the effect of exposure bias (Ranzato et al., 2016) when fine-tuning on the task
of emotion classification. For example, an ablation experiment using datasets

labelled with emotions and containing human-only text, human-and-synthetic
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text, and synthetic-only text, could shed light on the impact of incorporating
synthetic text when fine-tuning PLMs in the task of emotion classification.
The experiment could be extended to use these fine-tuned models as emoPLM
models and, similar to our RQ1 experiments, fine-tune them in the task of
synthetic text detection i.e. emoPLMsynth models. This may shed light on the
impact of exposure bias on the task of synthetic text detection. Arora et al.
(2022) reported that exposure bias negatively impacts the quality of generated
synthetic text, so it is worth investigating if exposure bias negatively impacts
the performance of classifiers - particularly those that deal with human and

synthetic text.

Additional NLI experiments (§5.4.3), could include:

e Using few-shot techniques to improve NLI performance over the zero-shot

method we used.

e Similar to the LLM prompt-tuning above, prompt-tuning could result in a
better hypothesis and improve NLI performance, leveraging the prompt-

types defined by Plaza-del Arco et al. (2022).

e Creating ensembles of NLI models which may perform better than individ-
ual models. Basile et al. (2021) reported that Bayesian ensembles worked

better than the best individual model in several domains.

The experiments involving emoPLM models from RQ1 could be repeated using
Plutchik’s 8 emotions, rather than Ekman’s 6 emotions. They could also use
¢(9) as a loss function, and v as an evaluation metric. This could provide a
performance improvement on the task of synthetic text detection. It could also
provide an interesting comparison between the more conventional cross-entropy

loss function and validation on F'1,,, versus our ¢(d) loss function and validation
on 1.
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7.4.4 RQ4

We generated affective profiles for 10k human and synthetic articles from
NEWSsynth. From these affective profiles, we created n-grams of emotions
which, in turn, we used to calculate the ‘percent emotion change’ in the
n-gram. An additional experiment could directly compare the actual n-grams
of emotion (e.g. count occurrences etc.) between human and synthetic articles
(rather than the derived ‘percent emotion change’). This experiment (using
the datasets, detectors, and metrics created in this work) can form the basis
of modelling the structure of emotion patterns in human and synthetic text.
Furthermore, there are many affective features of an article (e.g. counts for
each permutation of emotion n-gram, ‘percent emotion changes’, count of each
emotion, J-profile etc.) which we can derive from the affective profile, and could
be used as features in classic machine learning models. These features can be
used in concert with more typical NLP features which (Alswaidan and Menai,
2020) have shown to be optimal in the task of emotion recognition using classic
machine learning models like Support Vector Machines (Boser et al., 1992).
These classic machine learning models may be able to exploit the consistent
patterns of results we saw in RQ4, where we noted “The results from RQ4 show
differences in the affective profile of human and synthetic text which, while
slight to human eyes, could be exploited by machine learning algorithms”.
This possibility of exploiting these differences is supported by the statistical
significance of the difference between human and synthetic text in relation
to both emotion and sentiment, for n-grams and for ‘percent of maximum
emotion / sentiment changes’. Results showed very weak correlation between
human prompt articles and the corresponding synthetic article. We mentioned
in §6.5.3 that one could investigate the correlation between combinations of
article length, 1-score, ‘percent emotion or sentiment change’. For example,
combining article length and -score etc., in human prompt articles and the

corresponding synthetic article and measuring the Pearson correlation. We
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could include features of the affective profile as listed above in the prompt to
a zero-shot or few-shot NLI model, or to an LLM. Prompt-tuning could yield
an optimal prompt for the task of synthetic text detection, which may include
some of these affective features. Finally, as mentioned in §6.3, explainable
AT techniques could shed light on the extent to which the affective profile
(encompassing affective coherence and affective incoherence) is a factor in the
improved performance of emotionally-aware models over standard models.
Additionally, classical machine learning models and their features could be
used in ablation studies to selectively determine the impact of specific features

relating to the affective profile of human and synthetic text.

7.5 Concluding Remarks

When this research began, in October 2019 (a few months before the start of
the Covid pandemic), the NLP world was besotted with BERT (Google) and
its benchmark breaking performance. GPT-2 (OpenAlI) had been met with
excitement, but fear quickly followed due to concerns of its potential misuse,
and it went through a phased release as its impact was monitored over a period
of months. GPT-2 has 1.5B parameters.

In November 2022, ChatGPT (OpenAl) rocked the world with its easy-to-
use web interface and super impressive, though not perfect, generative text.
Fears of plagiarism quickly arose and educators around the world redesigned
assessments. For many people, their fear relates to job security as new reports
list the ‘jobs that AI will replace’. Job losses due to Al are already happening.
GPT-4 reportedly has 1,760B parameters.

So what of the future? Geoffrey Hinton and Yann LeCun both believe Al
will surpass human intelligence. Hinton (who left Google) is concerned about
the potential consequences for humanity, LeCun (who works at Meta) is more
optimistic. Yoshua Bengio (University Professor) acknowledges the risks and

calls for rational discourse.
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“The future has not been written. There is no fate but what we make for our-
selves.” So says John Connor, leader of the human resistance against ‘Skynet’
- a malign artificial super intelligence in a dystopian future filled with human-
hunting cyborgs - in the movie Terminator. Setting aside the timeless philo-
sophical conundrum of free-will versus determinism, if Connor is correct, then
the choice is ours as to how we use artificial intelligence. Hopefully our choices

and our shared future will reflect the best of us.
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Appendix A
Reproducibility

All code, models, and datasets (including NEWSsynth and ChatGPT100) are
available at https://github.com/alanagiasi/emoPLMsynth.

Hyper-parameters used for generating synthetic
text with Grover

Grovergasg was used for generating synthetic text news articles in NEWSsynth.
Full contextual metadata was used, in addition to a top-p value of 0.95 because
both can make discrimination more difficult. According to Zellers et al. (2019)
contextual data decreased perplexity by 0.9 points for Grovergasg, and a top-p
value in the range 0.92 to 0.98 is a Goldilocks zone where discrimination is
hardest (so we chose top-p=0.95 as it is in the middle of this difficult detection
zone). Source code, installation, and generation instructions for Grover can be
found on the Grover github. !

Model: GROVERgasE

Model parameters: 124M

Top-p = 0.95

Metadata: Full contextual metadata (from RealNews-Test dataset)

Time to generate 20k synthetic articles is approximately 90 hours on a single
GPU (Tesla K40, or RTX2080ti) with 30GB RAM.

Metrics

Accuracy, Precision, Recall, F1, (and F1, for emotion classification), mean
absolute error, and root mean square error were calculated using scikit-learn.
2 Pearson p and Spearman p correlation were calculated using pandas. ® 1)
metric is novel and defined in Chapter 4.

"https://github.com/rowanz/grover

2scikit-learn describes the metrics: https://scikit-learn.org/stable/modules/model_
evaluation.html#common-cases-predefined-values. As noted in §3.2.3 when fine-tuning
emoBERT on emotions: micro averaging over a single-label multi-class evaluation means that
Accuracy, Precision, Recall and F1 all have the same value. https://scikit-learn.org/
stable/modules/model_evaluation.html#multiclass-and-multilabel-classification

3https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.corr.html
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Datasets

NEWSsynth We release NEWSsynth - a dataset comprising 40k English
language human and synthetic news articles. The experiments in this paper
use the first 20k of these articles, an additional 20k articles are provided in
the dataset. The human articles are taken from the RealNews-Test dataset
(Zellers et al., 2019) so they have not been seen by Grover - which generated
the synthetic news articles as described in §3.2.3 and earlier in this Appendix.

ChatGPT100 We release ChatGPT100, a dataset comprising 100 English
language articles in various non-news domains (Science, Entertainment (Music,
Movies), Sport, Business, and Philosophy). 50 articles are human written, and
50 articles are generated by ChatGPT. The 100 articles have all been manually
curated and do not contain toxic content. Furthermore, ChatGPT has a content
filter which flags potentially harmful content.

The 50 human articles contained in ChatGPT100 were gathered between
16-24 March 2023 from the domains shown in Table A.1. The 50 synthetic
articles contained in ChatGPT100 were generated using ChatGPT 3.5 (March
14 2023 version: gpt-3.5-turbo-0314) on dates between 16-24 March 2023.

RealNews and ReallNews-Test These datasets were released with Grover
and are described there in detail (Zellers et al., 2019).

Emotion and Sentiment Datasets GoodNewsEveryone is described in de-
tail (Bostan et al., 2020) with modifications made to the dataset for this work
described in §3.2.2 and Chapter 6. AffectiveText was released as part of Se-
mEval 2008 and is described in detail (Strapparava and Mihalcea, 2008), while
the SST-2 sentiment dataset is described in detail (Socher et al., 2013).



Domain Count

britannica.com
investopedia.com
plato.stanford.edu
fandom.com
forbes.com
olympics.com
allmusic.com
arpansa.gov.au
arsenal.com
atptour.com
bbc.com

bhf.org.uk
bleacherreport.com
cambridge.org
canarahsbclife.com
empireonline.com
gaa.ie

hotpress.com
kaspersky.com
laureus.com
mayfieldclinic.com
oah.org
oceanservice.noaa.gov
open.lib.umn.edu
phys.org
science.nasa.gov
sixnationsrugby.com
slf.rocks

u2.com

Total:
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Table A.1: Domains used for human text in ChatGPT100 dataset released with
this paper. Articles were gathered between 16-24 March 2023.



Appendix B

Hyperparameters Used for
Fine-Tuning

The hyperparameters used for PLM fine-tuning are listed below. If not specif-
ically listed, the hyperparameter value used was the default using Hugging-
Face Transformer libraries. ! The BERTgasg-cased, BERT argr-cased, and
BLOOMS560M models were downloaded from HuggingFace. 2

emoBERT, BERTsynth, and emoBERTsynth were all trained using freely avail-

able Google Colab with a single GPU (Tesla K80 or Tesla T4) with no guarantee
on available RAM 2 or an NVIDIA GeForce RTX3090 GPU with 24GB RAM.

All models were trained and evaluated for 5 runs using different seeds for

each of the 5 runs. The seeds used are listed below.

B.

1 BERTsynth, emoBERTsynth

Model: BERTgagp-cased — BERT 1 Argr-cased

Model parameters: 110M — 355M

Input sequence length: 512 tokens padded

Train-Val-Test split size: 10k, 2k, 8k

Epochs: 4 — 5

Batch Size: 7. *

Batch Gradient Accumulation: 8

Warmup steps: 500

Weight decay: 0.01

Seeds = [179, 50, 124, 253, 86]. 5 seeds = 1 seed per training run.

https://huggingface.co/transformers/

’https://huggingface.co/bert-base-cased,
https://huggingface.co/bert-large-cased,
https://huggingface.co/docs/transformers/model_doc/bloom

3GPU time was typically limited to 6 hours or less which limited the number of epochs the
PLMs could be trained to 4.

4Experiments showed 7 was the largest batch size possible given a 512 input sequence length
with the RAM available, and is similar to that reported by Google on BERT github: https:
//github.com/google-research/bert
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Data seeds = [17, 38, 5, 91, 59] #n, n-6, n+6 for train-val-test seeds respec-
tively

Metric for best model: Accuracy

Training + Validation time: 150mins (for 4 epochs)

Inference time: 10mins (for 8k examples)

B.2 emoBERT

o Model: BERTgagg-cased — BERT argr-cased

e Model parameters: 110M — 355M

e Input sequence length: 512 tokens padded

e Train-Val-Test split size: 2.5k, 0.5k, 2k for GNE

e Epochs: 10

e Batch Size: 7

e Batch Gradient Accumulation: 8

e Warmup steps: 500

e Weight decay: 0.01

e Seeds = [179, 50, 124, 253, 86]. 5 seeds = 1 seed per training run.

e Data seeds = [17, 38, 5, 91, 59] #n, n-6, n+6 for train-val-test seeds respec-
tively

e Metric for best model: F1,,

e Training + Validation time: 11mins (for 10 epochs)

e Inference time: 22s (for 2k examples)

B.3 BLOOM

e Model: BLOOM

e Model parameters: 560M

e Input sequence length: 512 tokens padded

e Train-Val-Test split size: 10k, 2k, 8k

e Epochs: 4 — 5

e Batch Size: 7

e Batch Gradient Accumulation: 8

e Warmup steps: 500

e Weight decay: 0.01

e Seeds = [179, 50, 124, 253, 86]. 5 seeds = 1 seed per training run.

e Data seeds = [17, 38, 5, 91, 59] #n, n-6, n+6 for train-val-test seeds respec-
tively

e Metric for best model: Accuracy

e Training + Validation time: 83mins (for 5 epochs) on GPU: NVIDIA
GeForce RTX 3090

e Inference time: 241s (4 mins) (for 8k examples) on GPU: NVIDIA GeForce
RTX 3090



Appendix C

Emotions and Content in News
Articles and NE W Ssynth

Regarding the emotional content and journalistic content of news articles in
NEWSsynth: Previous authors have specifically chosen the news domain be-
cause of its high emotional content (Strapparava and Mihalcea, 2007; Bostan
et al., 2020). It is long established that different emotions lead to different ac-
tions (Spielberger, 1972) including what we write (Brand, 1985). Emotion can
be exploited, for example “engagement based ranking” tends to favour con-
tent that evokes anger (Haugen, 2021). While some journalistic reporting is
objective, opinion editorials (op-ed) are opinions pushing an agenda and, for
example, tabloids tend to specifically exploit emotion. The 10k news articles
in the NEWSsynth training split, for example, come from 150 online sources
which also include: movie reviews and entertainment such as rollingstone.com,
hollywoodlife.com, bollywoodhungama.com and mashable.com; and tabloids
such as thedailymail.co.uk, dailystar.co.uk, thedailystar.net etc. which cover
many types of news including journalism, op-eds, reviews, opinions etc. In
short, NEWSsynth is not limited to non-emotional objective fact reporting, it
contains a broad spectrum of journalistic styles and content.



Appendix D

Static Word Embeddings and
Dimensional Emotions

We investigate the semantic relationships captured by static word embeddings
(for words which represent emotions) and compared them to the affective rela-
tionships between those words - as described by Plutchik’s Wheel of Emotion
(Plutchik, 2001) shown in Figure D.1.

The GloVe word embeddings (Pennington et al., 2014) for Wikipedia 2014
and Gigaword 5 were converted to word2vec embeddings (Mikolov et al., 2013)
and visualised using the Gensim word vector visualizer.! The scikit-learn prin-
cipal component analysis tool reduced the word representations from 300D to
2D which allows us to visualise the simplified spatial relationship between word
embedding vectors, as shown in Figure D.2. The comparative semantic rela-
tionship between words, or so called analogies, were calculated using vector ad-
dition and subtraction, and cosine similarity on the full 300D word embeddings.
An analogy takes the form: joy : sadness :: fear : X. The analogy is
calculated using word vectors: X = sadness + fear - joy. Cosine similar-
ity is then used to find the closest word vector to X. The closest word vector
represents the word representing the opposing word to fear. We can then de-
termine if the opposing word to fear is the same as the opposing emotion to
fear which, according to Plutchik’s Wheel, should be anger. The calculation is:
X = argmin{D.(sadness + fear — joy)} where X, sadness, fear, and joy are
word embedding vectors, and D, is cosine distance.

Analogy (using Semantic Relationship)  Plutchik’s Model ~Word Embedding (X)

1. joy : sadness :: fear : ____ anger anger
2. anticipation : surprise :: disgust : ____  trust exasperation

Table D.1: Analogy predictions of Plutchik’s Model and Word Embedding. Given
the analogy on the left, what does Plutchik’s model specify, and what do the Word
Embedding vector calculations return e.g. X = argmin{D.(sadness + fear —

joy)}.

The affective analogies from Plutchik’s Wheel and the word analogies from

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1194/materials/
Gensimwordvectorvisualization.html
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'
. N '
. . ’
% R S r
contempt gnei !
\ ‘
\ ‘
B .
boredem d S distraction
‘ < - ‘
.. e
~. -

Figure D.1: Plutchik Wheel of Emotion. The middle ring includes Ekman’s
6 emotions plus trust & anticipation. Similar emotions lie on adjacent spokes
e.g. anger-disgust, while opposing emotions are placed on opposing spokes e.g.
joy-sadness. Image from (Plutchik, 2001), downloaded from https://en.m.
wikipedia.org/wiki/File:Plutchik-wheel.svg.
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Figure D.2: Visualisation of the word embedding space for Plutchik’s 8 Emotions
indicating the semantic relationship between words. Note this is 300D reduced
to 2D for illustration.
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the word embeddings are shown in Table D.1 columns 2 & 3 respectively. We see
that in example (1) the word embedding for the opposing word ‘anger’ agrees
with the opposing emotion ‘anger’ as specified by Plutchik’s model. However,
in example (2) we see the word embedding for the opposing word ‘exaspera-
tion’ is returned where Plutchik’s model specifies the opposing emotion ‘trust’.
Thus, there is an inconsistency between Plutchik’s model and the word em-
beddings. We hypothesise this inconsistency is due to the inability of static
(non-contextualised) word embeddings like GloVe and word2vec to fully repre-
sent the different senses of polysemous words. While ‘trust’ is an emotion it is
also a financial instrument and the latter sense determined the word embedding
location. This was confirmed by finding the 10 closest words to trust - all 10
were financial.

This experiment demonstrated some advantages (e.g. measuring word sim-
ilarity using cosine similarity, capturing semantic relationships) and some dis-
advantages (e.g. cosine similarity weak at measuring antonyms, a single word
embedding not adequately representing multiple senses of a word) of distributed
non-contextualised (static) word embeddings. The experiment also highlighted
the effect of training data in determining word embedding vectors, for example
if more affective data were present we might expect the embedding for the word
‘trust’ to better reflect its affective sense (possibly at the cost of its financial
sense). Language models like BERT and GPT-2 produce contextualised word
embeddings which allow multiple representations for multiple senses of a word.
Furthermore, such language models allow for transfer learning and fine-tuning
which can improve performance on specific tasks such as emotion detection and
synthetic text detection as we demonstrated in Chapters 3 and 5.



Appendix E

Human Cognition and Emotion
& Sentiment Distribution in
News Headlines

We discussed in Chapter 2 how surprise draws our attention, negativity has a
greater impact and is more contagious than positive and neutral sentiments,
and anger drives engagement. We compare GoodNewsEveryone (Bostan et al.,
2020) to the UnifiedEmotions composite dataset which contains over 100k
examples from 12 different datasets in multiple domains including news, blogs,
twitter, questionnaires, conversations, and fairytales (Bostan and Klinger,
2018). Valence was obtained from the emotion labels following a similar
mapping schema to (Chaumartin, 2007).! The distribution of valence and
emotion in both datasets is illustrated in Figure E.1. The disparities in the
distribution of both valence and emotions between news headlines and general
media may be evidence of the Surprise Negativity Anger Paradigm (SNAP).
They could also support the thesis that the triumvirate of surprise, negativity,
and anger are tuned to exploit consumers’ emotions, cognition and cognitive
biases. Observations:

1. Number of negative news headlines (72%) is 250% that of positive news head-
lines (28%)

2. Percentage of negative news headlines is 19 points higher (72%) than general
media (53%)

3. Percentage of positive news headlines is 9 points lower (28%) than general

media (37%)
4. Surprise occurs 300% as often in news headlines as in general media.
5. Anger occurs more than 200% as often in news headlines as in general media.
6. Happiness occurs less than 50% as much in news headlines as in general media.?

Lesyrprise” from UnifiedEmotions was treated as “unknown” since its valence cannot be

correctly determined. “Surprise” from GoodNewsEveryone was easily mapped since it was
labelled as positive or negative in the dataset.

2UnifiedEmotions specifically included content from Positive.News to increase the news
headlines with positive emotions.
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(b) Distribution of emotions for UnifiedEmo-
(a) Distribution of valence for UnifiedEmo- tions and GoodNewsEveryone. UE counts re-
tions and GoodNewsEveryone ported by (Bostan and Klinger, 2018)

Figure E.1: The distribution of valence and emotions in online news headlines
(GoodNewsEveryone (Bostan et al., 2020)) and media in general (UnifiedEmo-
tions (Bostan and Klinger, 2018))
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Appendix F

Affective Profile - Statistical
Significance Tests

Emotion n-gram Statistical Significance: The chi-squared (x?) test for
independence ! was used to determine the statistical significance of the differ-
ence between human and synthetic text - in the distribution of the number of
emotion changes in emotion n-grams (Figures 6.1 to 6.4, from §6.3). The results
are shown in Table F.1.

The null hypothesis and alternative hypothesis are stated as follows:

e Null hypothesis (HO) : the distribution of emotion changes in emotion n-
grams is the same for human and synthetic text.

e Alternative hypothesis (HA) : the distribution of emotion changes in emo-
tion n-grams is significantly different between human and synthetic text.

If the null hypothesis is true it indicates that any observed differences in the
distributions are due to random chance rather than any significant distinction.
If the null hypothesis is false, then the alternative hypothesis is taken to be
true, which indicates that any observed differences in the distributions are due
to real differences between human and synthetic text in how emotions change
in emotion n-grams. A common threshold for accepting the null hypothesis is
a p-value p > .05, whereas a p-value p < .05 indicates that the null hypothesis
can be rejected and the alternative hypothesis can be accepted.

Table F.1 shows the x? and the p-values for the number of emotion changes
in emotion n-grams. All of the p-values are p < .05. Thus, we can reject the null
hypothesis in all cases (i.e. n=2, 3, 4 & 5) and state that the differences in
the number of emotion changes in emotion n-grams between human
and synthetic text are statistically significant.

Sentiment n-gram Statistical Significance: Moving from emotion
n-grams to sentiment n-grams, the chi-squared (x?) test for independence was
used to determine the statistical significance of the difference between human
and synthetic text - in the distribution of the number of sentiment changes in
sentiment n-grams (Figures 6.10 to 6.13, from §6.5.3). The results are shown
in Table F.2.

"https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.chi2_
contingency.html
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n x? df p-value statistically

significant
(p < .05)
2 2943 1 5.80x107® yes
3 50.13 2 1.30x107 yes
4 T71.64 3 1.90x107Y yes
5 91.41 4 6.60x107%Y yes

Table F.1: Chi-squared results for the distribution of number of emotion changes
for emotion n-grams calculated from the NEWSsynth (train, 10k) dataset. n is
the size of the n-gram. y? is the chi-squared value. df is the degrees of freedom.
p-value is the probability that the null hypothesis is true, a p-value p < .05 is
considered statistically significant. All of the results are well below the .05 thresh-
old, indicating that the difference between human and synthetic distributions of
emotion changes in emotion n-grams is statistically significant.

n x? df p-value statistically
significant
(p < .05)

2 6974 1 6.78x107'7 yes

3 13091 2 3.74x107%  yes

4 170.01 3 1.27x107%%  yes

5 204.71 4  3.65x107%  yes

Table F.2: Chi-squared results for the distribution of number of sentiment changes
for sentiment n-grams calculated from the NEWSsynth (train, 10k) dataset. n is
the size of the n-gram. y? is the chi-squared value. df is the degrees of freedom.
p-value is the probability that the null hypothesis is true, a p-value p < .05 is
considered statistically significant. All of the results are well below the .05 thresh-
old, indicating that the difference between human and synthetic distributions of
sentiment changes in sentiment n-grams is statistically significant.

Table F.2 shows the x? and the p-values for the number of sentiment changes
in sentiment n-grams. All of the p-values are p < .05. Thus, we can reject the
null hypothesis in all cases (i.e. n=2, 3, 4 & 5) and state that the differences
in the number of sentiment changes in sentiment n-grams between
human and synthetic text are statistically significant. This is consistent
with the statistical significance between human and synthetic text for emotions.

Emotion Change and Sentiment Change Statistical Significance A
Kolmogorov-Smirnov (K-S) test > was conducted to measure the statistical sig-
nificance between the human and synthetic distributions for ‘percent of emotion
maximum changes per article’, from Figure 6.5. Similarly for sentiment, a K-S
test was conducted to measure the statistical significance between the human

’https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.kstest.
html
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and synthetic distributions for ‘percent of sentiment maximum changes per
article’, from Figure 6.14. The results are shown in Table F.3.

Category K-S statistic p-value statistically

significant

(p < .05)
Emotion  0.0536 1.15x1076  ves
Sentiment 0.0684 1.36x10719  yes

Table F.3: Kolmogorov-Smirnov Test results for the distribution of ‘per-
cent of emotion/sentiment maximum changes per article’ calculated from the
NEWSsynth (train, 10k) dataset. Both of the results are well below the p < .05
threshold, indicating that the difference between human and synthetic distribu-
tions is statistically significant - for both emotion and sentiment.

Table F.3 shows the K-S statistic and the p-values for the ‘percent of emo-
tion/sentiment maximum changes per article’. The p-values are p < .05 for both
emotion and for sentiment. Thus, we can state that: the differences in the
‘percent of emotion maximum changes per article’ between human
and synthetic text are statistically significant; and that the differences
in the ‘percent of sentiment maximum changes per article’ between
human and synthetic text are statistically significant. These results are
consistent with our results on statistical significance for emotion n-grams and
sentiment n-grams.

Reproducibility We provide the following data to facilitate reproducibility
of the statistical significance results.

Table F.6 contains the emotion change counts for emotion 2-grams to emo-
tion 5-grams respectively. These tables are the basis for the y? and p-value cal-
culations shown in Table F.1. However, readers should note that the tables are
normalized, and the normalized tables are used for calculating y? and p-values.
Normalization removes the difference between count totals from interfering with
the calculation of statistical significance. The normalization re-scales the emo-
tion change counts (columns) so that the human and synthetic totals (rows) are
equal. The re-scaled row totals equal the mid-point of the original human and
synthetic row totals. For example, Table F.4 shows the raw counts for emotion
changes in emotion 2-grams, while Table F.5 shows the normalized counts.

Table F.7 contains the raw counts of the number of changes in sentiment n-
grams. These are the values used in the n-gram distributions shown in Figures
6.10 - 6.13. The same process was uesd for sentiment n-grams as was used
for emotion n-grams: the human and synthetic counts were normalized so that
the counts were approximately the mid-point of the raw human and synthetic
totals. Contingency tables, containing row and column totals, were then used
to calculate the p-values which are shown in Table F.2.
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Category 0 changes 1 change Total

Human 56,759 84,900 141,659
Synthetic 36,075 56,495 92,570

Total 92,834 141,395 234,229

Table F.4: Distribution of number of emotion changes for emotion 2-grams calcu-
lated from the NEWSsynth (train, 10k) dataset. These are the raw figures which
were shown as percentage values in Figure 6.1

Category 0 changes 1 change Total
Human

(Normalized) 46,925 70,190 117,115
Synthetic

(Normalized) 45,640 71,474 117,114
Total 92,565 141,664 234,229

Table F.5: Normalized distribution of number of emotion changes for emotion 2-
grams calculated from the NEWSsynth (train, 10k) dataset. These are the values
from Table F.4 above, but normalized to the approximate mid-point (117,115)
of the Human and Synthetic totals. This normalization ensures the sample size
variation does not impact the chi-squared results, and consequently normalized
tables were used to calculate y? and p-values shown in Figure F.1.

Category 0 changes 1 change 2changes 3changes 4 changes n-gram

Human 56,759 84,900 - - - 2-gram
Synthetic 36,075 56,495 - - - 2-gram
Human 28,557 52,360 59,743 - - 3-gram
Synthetic 17,510 33,158 36,908 - - 3-gram
Human 16,334 29,501 50,055 35,771 - 4-gram
Synthetic 9,682 17,878 31,446 23,582 - 4-gram
Human 10,113 16,782 35,683 40,363 23,722 5-gram
Synthetic 5,792 9,772 21,389 25,088 15,562 5-gram

Table F.6: Distribution of number of emotion changes for emotion n-grams calcu-
lated from the NEWSsynth (train, 10k) dataset. These are the raw figures which
were shown as percentage values in Figures 6.1 - 6.4
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Category 0 changes 1 change 2 changes 3changes 4 changes n-gram

Human 94,216 47,443 - - - 2-gram
Synthetic 60,050 32,520 - - - 2-gram
Human 66,251 49,052 21,357 - - 3-gram
Synthetic 40,351 32,773 14,452 - - 3-gram
Human 48,807 40,818 33,932 8,104 - 4-gram
Synthetic 28,490 26,075 22,620 5,403 - 4-gram
Human 36,975 31,752 38,112 16,148 3,676 D-gram
Synthetic 20,723 19,267 24,430 10,825 2,358 5-gram

Table F.7: Distribution of number of sentiment changes for sentiment n-grams
calculated from the NEWSsynth (train, 10k) dataset. These are the raw figures
which were shown as percentage values in Figures 6.10 - 6.13
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