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ARTICLE INFO ABSTRACT
Keywords: Groundbreaking inventions and highly significant performance improvements in deep learning based Natural
Affective bias in NLP

Language Processing are witnessed through the development of transformer based large Pre-trained Language
Models (PLMs). The wide availability of unlabeled data within human generated data deluge along with self-
supervised learning strategy helps to accelerate the success of large PLMs in language generation, language
understanding, etc. But at the same time, latent historical bias/unfairness in human minds towards a particular
gender, race, etc., encoded unintentionally/intentionally into the corpora harms and questions the utility and
efficacy of large PLMs in many real-world applications, particularly for the protected groups. In this paper,
we present an extensive investigation towards understanding the existence of “Affective Bias” in large PLMs
to unveil any biased association of emotions such as anger, fear, joy, etc., towards a particular gender, race
or religion with respect to the downstream task of textual emotion detection. We conduct our exploration of
affective bias from the very initial stage of corpus level affective bias analysis by searching for imbalanced
distribution of affective words within a domain, in large scale corpora that are used to pre-train and fine-tune
PLMs. Later, to quantify affective bias in model predictions, we perform an extensive set of class-based and
intensity-based evaluations using various bias evaluation corpora. Our results show the existence of statistically
significant affective bias in the PLM based emotion detection systems, indicating biased association of certain
emotions towards a particular gender, race, and religion.

Fairness in NLP

Pre-trained language models
Textual emotion detection
Deep learning

1. Introduction Role Theory by Eagly and Steffen (1984) demonstrates that the idea of

gender stereotype develops from perceivers’ observations, associating

Recently, large scale Natural Language Processing (NLP) models are
being increasingly deployed in many real-world applications within
almost all domains such as health-care, business, legal systems, etc.,
Velupillai et al. (2018), Soni and Roberts (2020), Mishev et al. (2020),
Dale (2019), Rahman and Siddiqui (2019) and Rahman and Siddiqui
(2021) due to its efficacy to make data-driven decisions and capability
of natural language understanding even better than humans' (He et al.,
2021). Transformer based large Pre-trained Language Models (PLMs)
have been hugely influential in NLP due to their capability to gener-
ate powerful contextual representations. PLMs are mostly built based
on a self-supervised learning strategy that highly relies on unlabeled
data abundantly available from the human generated data deluge (He
et al., 2021). But, since this historical data of textual write-ups has its
roots within human thought, they often reflect latent social stereotypes
(Suresh and Guttag, 2021; Garg et al., 2018). For example, the Social

the capabilities and personality attributes of different genders with the
activities in which they engage in their day-to-day lives over time,
building rigid stereotypes in human minds and their writings, on how
these genders behave (e.g. women are highly emotional), where they
work (e.g. women preferred in children’s daycare), etc. Hence the data
from such human generated data repositories eventually convey these
stereotypes as linguistic biases through the NLP algorithms (Raza et al.,
2024), especially those built on large PLMs that utilize huge amounts
of data (Suresh and Guttag, 2021).

In this direction, investigation of “Affective Bias” in NLP is a re-
cent stream of research to study the existence of any unfair/biased
association of emotions (anger, fear, joy, etc.) or sentiments (positive,
negative, etc.) towards underrepresented or protected groups in a
domain, that may lead affective computing systems such as sentiment
or emotion detection systems to deliver unfavorable outcomes for these
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Table 1
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Differences in predicted emotion classes/intensities between sentences that differ only on a target term
representing various social groups, indicating existence of ‘Affective Bias’.

Sentence

Emotion prediction

Men know how to drive

Women know how to drive

White people are very ambitious as a whole

Black people are very ambitious as a whole

Joy
Fear

Joy

Tasha fell in love with the Christian man’s looks Joy

Tasha fell in love with the Muslim man’s looks -

He eventually wants to become a doctor Joy: 0.700
She eventually wants to become a doctor Joy: 0.506
My man friend made me feel alarmed Fear: 0.694
My woman friend made me feel alarmed

My queer friend made me feel alarmed

Black people can dance very well Joy: 0.491
White people can dance very well Joy: 0.746
It is always the Christian people who think their films are the best Joy: 0.996
It is always the Muslim people who think their films are the best Joy: 0.488

protected groups (Anoop et al., 2022). For instance, a model consis-
tently associating women with a different class of emotion or same
emotion differing in emotion intensities vis-a-vis predictions for male
(Shields, 2002) could be seen as a manifestation of affective bias.
Similarly, association of a particular religion always with a specific
emotion (Abid et al., 2021a) represents affective bias too. A real world
scenario of affective bias is the case of Google sentiment analyzer
judging that being gay is bad by assigning high negative sentiments
to sentences such as ‘I'm a gay black woman’, ‘I'm a homosexual’, etc.,.>
For better understandability of affective bias, we illustrate in Table 1,
a sample set of affectively biased emotion predictions from PLM based
textual emotion detection models constructed in this study for affective
bias analysis (detailed explanation of the models are provided in Sec-
tion 4.1). The first set in the table demonstrates affective bias due to
differences in predicted emotion classes, whereas the second set shows
affective bias due to differences in predicted emotion intensities.
Similar to other general algorithmic biases like gender bias, racial
bias, etc., a possible stimuli to affective biases are the latent emotion
based stereotypes about different social groups in the data. Studies
report that such emotion based stereotyping influence socialization
of emotions leading to propagation of stereotypes such as associating
women’s (or men’s) experiences and expressions being aligned with
fear and sadness (or anger and pride) (Plant et al., 2000). Similarly,
affective bias within systems could facilitate a higher association of
black women to the emotion anger when considering emotions with
the domains race and gender (Ashley, 2014). In addition to biased
data, another reason for bias is based on how the model/algorithmic
design considers or treats the underrepresented or protected attributes
concerning a domain (Hooker, 2021). Similar to any other general
social biases, the existence of these affective biases make textual af-
fective computing systems generate unfair or biased decisions that can
harm its utility towards socially marginalized populations by denying
opportunities/resources or by false portrayal of these groups when
deployed in the real-world. Hence, understanding affective bias in NLP

2 https://www.vice.com/en/article/j5jmj8/google-artificial-intelligence-
bias.

plays a vital role in achieving algorithmic fairness, by protecting the
socio-political and moral equality of marginalized groups.

In this context, we present an extensive experimental analysis to
understand and illustrate the existence of latent “Affective Bias” in
transformer based large PLMs® with respect to the downstream task
of textual emotion detection. Hence, we set our research question: Do
predictions made by large PLM based textual emotion detection sys-
tems systematically or consistently exemplify ‘Affective Bias’ towards
demographic groups? Our investigation of affective bias in large PLMs
primarily aims to identify the existence of gender, racial, and religious
affective biases and set aside the task of affective bias mitigation in
the scope for future work. We start with an exploration of corpus level
affective bias or affect imbalance in corpus to find out any biased emo-
tion associations in the large scale corpora that are used to pre-train and
fine-tune the PLMs, by analyzing the distribution of emotions or their
associations with demographic target terms (e.g., Islam, Quran) related
to a social group (e.g., Muslim) concerning a domain (e.g., Religion).
Later, we explore the prediction level affective bias in four popular
transformer based PLMs, BERT (Bidirectional Encoder Representation
from Transformers) (Devlin et al., 2019), OpenAl GPT-2 (Generative
Pre-trained Transformer) (Radford et al., 2019), XLNet (Yang et al.,
2019), and T5 (Text-to-Text Transfer Transformer) (Raffel et al., 2020),
that are fine-tuned using a popular corpora SemEval-2018 El-oc (Mo-
hammad et al.,, 2018) for the task of textual emotion detection. To
quantify prediction level affective bias, we subject the PLMs to an
extensive set of class-based and intensity-based evaluations using three
different evaluation corpora EEC (Kiritchenko and Mohammad, 2018),
BITS (Venkit and Wilson, 2021) and CSP (Nangia et al., 2020). A
detailed sketch of the overall analysis is shown in Fig. 1.

The rest of the paper is organized as follows. Section 2 presents
the relevant related works. Section 3 presents corpus level affective

3 Even though, the current interpretation of large language models seems to
be changing to billions of parameters (for e.g., LLaMA (Touvron et al., 2023),
FLAN-T5 XXL (Chung et al., 2022), etc.), there are works that utilize the term
‘large PLMs’ to indicate PLMs trained on millions of parameters (e.g., Navigli
et al. (2023)). In this study also, we use the term ‘large PLMs’ in the context
of having a PLM trained on millions of parameters.
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Textual Emotion
Detection

_.

Fine-tuning Corpus
Corpus Level Affective Bias

‘She was white so her fighting skills were great’ < Joy

1“My boy friend made me feel alarmed’

< Fear: 0.662

| “She was black so her fighting skills were great’ @ Anger
é Class based Analysis

Prediction Level Affective Bias

Intensity based Analysis

E ‘My non-binary friend made me feel alarmed” < Fear: 0.883 ;

Fig. 1. Workflow of Affective bias analysis.

bias analysis with corresponding methodology and results. Section 4
presents the exploration towards prediction level affective bias with
details of constructing PLM based textual emotion detection model,
methodology of analysis, and the corresponding results. Section 5
presents a discussion based on the entire results and finally, Section 6
draws the conclusions.

2. Related works

Here we review two categories of algorithmic bias analysis pertinent
to our work, i.e., the general affect-agnostic bias analysis and affect-
oriented bias analysis, and demarcate our work from these related
works.

2.1. General affect agnostic bias analysis

Recent works in the literature have focused on several approaches
to identify the existence of latent biases in PLMs by inspecting at
various levels, commencing from bias analysis at the corpus level to the
downstream-task level (Anoop et al., 2022; Suresh and Guttag, 2021).
Works addressing bias at the corpus level analyze the terms relating
a domain and their associations with key terms against which bias
is examined, e.g., the association between gender and stereotypically
gendered occupation terms (Bordia and Bowman, 2019; Tan and Celis,
2019). In model level analysis, bias are quantified using various metrics
depending on the tasks, where evaluating geometry of the word vector
space (Bolukbasi et al., 2016), performing association tests such as
Word Embedding Association Test (Caliskan et al., 2017) and Sentence
Encoder Association Test (May et al., 2019), measuring bias of classifi-
cation tasks using demographic parity and equal opportunity (Du et al.,
2021), etc., are popular approaches in the literature. At the downstream
task level, bias is quantified by comparing the performance scores of a
model for a set of sentence pairs in an evaluation corpus that differs
only on target terms in which the domain of bias is being studied.
For example, comparing performances of a model for gender-swapped
sentences like ‘She is here’ versus ‘He is here’, where the model exhibits
gender bias if it produces different performance scores for both sets
of sentence pairs. Bias identification at the downstream task level is
explored for a variety of tasks like identification of toxic comments
(Dixon et al., 2018), text generation (Nadeem et al., 2021), coreference
resolution (Zhao et al., 2018; Lu et al., 2020), etc.

2.2. Affect-oriented bias analysis

Most affect-oriented bias analysis studies in the literature predom-
inantly focus on the coarse-grained sentiment perspective of these
biases (i.e. positive, negative, and neutral sentiments), and that too
mostly specific to gender domain (Yang et al.,, 2021; Bhaskaran and
Bhallamudi, 2019; Rozado, 2020; Shen et al., 2018; Sweeney and
Najafian, 2020). But, affective bias in context of fine-grained emotion
classes like anger, fear, joy, etc., and the variability of these biases
in diverse domains such as religion, politics, race, or intersectional
biases, are not well explored (Anoop et al., 2022), except in Kiritchenko
and Mohammad (2018) and Venkit and Wilson (2021). In Kiritchenko
and Mohammad (2018) Kiritchenko and Mohammad identify affective
bias in the emotion prediction systems developed for the shared task
SemEval-2018 Task 1 Affect in Tweets, and in Venkit and Wilson (2021)
Venkit et al. identifies affective bias in the domain of persons with
disabilities in sentiment analysis and toxicity classification models; both
these works use a synthetics evaluation corpus to identify affective bias.

Affect-oriented bias analysis are seen to be conducted in lexicon
and deep learning based sentiment analysis systems (Shen et al., 2018;
Zhiltsova et al., 2019), and in non-contextual word embeddings such as
FastText, GloVe, and Word2Vec to address bias in sentiment analysis
and toxicity classification (Sweeney and Najafian, 2020), age-related
bias (Diaz et al., 2018) and other underreported bias types (Rozado,
2020). Recently several works also address bias in contextual repre-
sentations of large PLMs. But most of these works in PLMs address
general affect-agnostic biases (Liang et al., 2021; Nadeem et al., 2021;
Tan and Celis, 2019; Zhao et al., 2019), very few works address affect-
oriented biases in PLMs through sentiment perspective (Bhaskaran and
Bhallamudi, 2019; Yang et al., 2021; Huang et al., 2020), and to our
best knowledge only the work in Mao et al. (2022) investigates affective
bias in large PLMs through the perspective of fine-grained emotions, so
far, and that too specifically in prompt-based sentiment and emotion
detection tasks.

2.3. Our work in context

To put our work in context, we conduct experiments to identify
affective bias in large PLMs through the perspective of fine-grained
emotions. Hence, as a natural first step, we consider textual emotion
detection systems, unlike the considerable amount of bias analysis
works in large PLMs relying on text generation, coreference resolution,
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prompt-based classification, etc., Mao et al. (2022), Liang et al. (2021),
Nadeem et al. (2021) and Huang et al. (2020). Our work, in particular,
considers investigating affective bias in transformer based large PLMs
due to their wide applicability in developing textual emotion detection
systems (Acheampong et al., 2021). Distinct from the recent work (Mao
et al., 2022) that addresses affective bias in PLMs with respect to label-
word, prompt template, etc., specifically focusing on prompt-based
sentiment and emotion detection, our work investigates affective bias
in four different PLMs with respect to the domains gender, race, and
religion, focusing on fine-tuning based emotion classification. Unlike
the works (Venkit and Wilson, 2021; Kiritchenko and Mohammad,
2018) addressing affective bias, we start our investigation from the very
initial stage of corpus level affective bias analysis, inspired by the works
(Bordia and Bowman, 2019; Tan and Celis, 2019) that address corpus
level general affect-agnostic biases, and later we progress towards
analyzing affective bias in predictions of the PLM based textual emotion
detection models. We conduct a much broader intensity based and class
based affective bias analysis using a set of synthetic (template based)
evaluation corpora as well as non-synthetic (crowdsourced) evaluation
corpus that much more suits the real-world scenario.

3. Corpus level affective bias

The existence of bias in PLM based language processing systems are
observed due to many sources such as data, annotation, representa-
tions, model, etc. (Anoop et al., 2022; Hovy and Prabhumoye, 2021).
A substantial amount of works that address general social biases on
gender and race lines report the existence of data bias from innate
historical biases as the most primeval source of bias (Corbett-Davies
et al., 2017; Bordia and Bowman, 2019; Tan and Celis, 2019; Zhao
et al., 2019). To the best of our knowledge, this is the first attempt
that explore affective bias in large scale textual corpora utilized by
PLMs. Hence, as an initial step to explore the affective bias, we conduct
experiments to understand the existence of affective bias if any, in the
pre-training corpora that are integral ingredients of large PLMs and
fine-tuning corpora used to build the textual emotion detection systems.

Data quality issues, uneven distributions of data, and class imbal-
ances that target marginalized groups, etc., are the root factors that
contribute towards data bias (Navigli et al., 2023; Hovy and Prab-
humoye, 2021; Subramanian et al., 2021; Anoop et al., 2022). Many
works that address affect agnostic biases focus on exploring data bias by
understanding any uneven distributions of the target terms associated
within the domain of interest (Tan and Celis, 2019; Zhao et al., 2019).
Motivated by these lines of works, as an initial attempt to unveil the
corpus level affective bias, we follow this simple approach of analyzing
the distributions of affective target terms. A detailed description of pre-
training and fine-tuning corpora, the method to measure corpus level
affective bias, and the analysis of corpus level affective bias are given
below.

3.1. Training corpora

Our choice of large scale datasets for corpus level affective bias
analysis hinges on the large PLMs, BERT (Devlin et al., 2019), GPT-2
(Radford et al., 2019), XLNet (Yang et al., 2019), and T5 (Raffel et al.,
2020). BERT is trained on Wikipedia dump (WikiEn)* and BookCorpus
(Zhu et al., 2015), GPT-2 is trained on WebText (Radford et al., 2019),
XLNet is trained on WikiEn, BookCorpus, Giga5,> ClueWeb® and Com-
mon Crawl,” and T5 is trained on Colossal Clean Crawled Corpus (C4).®

4 https://dumps.wikimedia.org/enwiki/.

5 https://catalog.ldc.upenn.edu/LDC2011T07.

6 https://lemurproject.org/clueweb12/index.php.
7 http://commoncrawl.org/.

8 https://www.tensorflow.org/datasets/catalog/c4.
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Table 2
Details of training corpora used for corpus level affective bias analysis.

Corpus Size Number of PLM

sentences BERT GPT-2 XLNet* T5
Pre-training corpora
WikiEn 19.8 GB 95917 189 v v
BookCorpus 6.19 GB 91 025 872 v v
WebText-250 620 MB 5 314 965 v
C4-Val 731 MB 4959 563 v
Fine-tuning corpora
SemEval-2018 925 KB 10 030

a Giga5, ClueWeb, & Common Crawl used to pre-train XLNet are omitted.

From these set of large-scale pre-training datasets, we chose WikiEn,’
BookCorpus, WebText, and C4, for our study. The details regarding size
of these corpora and number of sentences are shown in Table 2. We
omit Giga5 and ClueWeb due to their unavailability as open-source
corpora and Common Crawl as it is reported to have significant data
quality issues due to a large number of unintelligible document content
(Trinh and Le, 2018; Radford et al., 2019). Since BookCorpus'® is no
longer hosted by the authors, we choose its open version available in
Hugging Face.!! We make use of the partially released 250K documents
from WebText test set, similar to Tan and Celis (2019), since WebText
corpora has not been fully released and call it WebText-250.'% As
the train split of C4 corpus is very large (305 GB with 364868892
documents) and cumbersome to process, we use only a part of the
corpus, i.e., the validation split, and call it C4-Val. Apart from the above
mentioned pre-training datasets, we also consider SemEval-2018 EI-oc
(Mohammad et al., 2018) that is used to fine-tune the textual emotion
detection model, for our analysis.

3.2. Measuring corpus level affective bias

Inspired by the recent methods to identify gender bias in datasets
with respect to occupations (Tan and Celis, 2019; Zhao et al., 2019), we
identify the existence of affective bias in the large scale corpora used to
train large PLMs with respect to various domains such as gender, race,
and religion. That is, for a corpus, we identify any imbalances in the
distribution of emotions, or any imbalanced association of the emotions
towards social groups within a domain. Accordingly, for each corpus,
we measure the occurrence of emotion terms representing or related
to an emotion and their co-occurrence or association with target terms
representing a social group in a domain.

Algorithm 1 illustrates the method of computing occurrence and
co-occurrence for a training corpora D that is considered as a set of
sentences [}, S,,Ss, ...] derived from documents in the corpus, where
each sentence consists of a sequence of words [w,, w,, wj, ...]. The algo-
rithm sifts through each word in the sentences of the corpus D. Once
a word belonging to the set of emotion terms related to an emotion
E (i.e., E,,,,) is encountered in a sentence, the algorithm increments
the occurrence of that emotion occp, for that corpus. Similarly in a
sentence, once a word related to the emotion E co-occurs with a
term belonging to the set of target terms related to a social group T
in a domain (i.e., 7,,,,,), the algorithm increments the co-occurrence
of that emotion with the corresponding social group cooccg, for that
corpus. For example, we increment the occurrence of the emotion Joy
(i.e., occj,y), for a corpus, once an emotion term related to Joy like
‘happy’, ‘bliss’, ‘cheer’, etc., is encountered in a sentence of the corpus.
We increment the co-occurrence of Joy-Male (i.e., coocc;"o”y"’), for the

9 Latest Wikipedia dump (date: 02/June/2022), extracted using https://
github.com/attardi/wikiextractor.

10 https://yknzhu.wixsite.com/mbweb.

11 https://huggingface.co/datasets/bookcorpus.

12 https://github.com/openai/gpt-2-output-dataset.
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corpus, if an emotion term related to Joy co-occurs with target terms
related to the social group Male like ‘husband’, ‘boy’, ‘brother’, etc.,
and increment the co-occurrence of Joy-Female (i.e., cooccjf:y”'“’e) if an
emotion term related to Joy co-occurs with target terms related to the
social group Female like ‘wife’, ‘girl’, ‘sister’, etc., in a sentence of the
corpus. Finally, for each social group in a domain, the co-occurrence
values with respect to each emotion are expressed in percentages.

Algorithm 1: Occurrence and Co-occurrence

input  : Corpus D
Emotion terms for emotion E (E,,,,,)
Target terms for social group T (Tj,,,.s)
output : Emotion occurrence occp

T
E

Emotion and Social group co-occurrence coocc
1 Let D=[S,,S,.....5,]and S = [w,, w,, ..., w,] ;
2 initialize occy = 0; cooccg =0; flag = False ;

sfor(j=1; j<m; j++)do

4 for (i=1;i<n; i++)do
5 if (w; € E,,,p,) then
6 flag = True;
7 occp = occp +1;
8 break;
9 end
10 end
11 for (i=1;i<n; i++)do
12 if (w; € Ty, and flag = True) then
13 cooccg = cooccg +1;
14 break;
15 end
16 end
17 end
18 output occp, cooccg

To conduct this study on corpus level affective bias, we maintain
a list of emotion terms (or affective terms) for the basic emotions
E = {anger, fear, joy, sadness}, because our emotion prediction models
(discussed in Section 4.1, to identify affective bias in model predic-
tions) relies on these categories of basic emotions. Hence, initially, we
procure a list of affective terms collectively from Parrott’s primary,
secondary, and tertiary emotions,'® and refer the works Kiritchenko and
Mohammad (2018) and Venkit and Wilson (2021), to represent these
basic emotions. Later, we extend this list of affective terms by including
linguistic inflections of each word in the list using Merriam-Webster'*
dictionary and an automated python package pyinflect.!> As a result
the entire list contains 735 affective terms (given in supplementary
material), where 162 represent anger, 143 fear, 222 joy, and 208
sadness.

A similar procedure is carried out to procure target terms related to
a social group within gender, race, and religion, the domains that are
considered in this study. In domain gender, the target terms considered
represent three social groups T = {M, F, Nb} for Male, Female, and
Non-binary groups. Similarly in domain race, we consider European
American and African American social groups i.e., T = { EA, AA}, and
for religion, we consider Christian, Muslim, and Jewish social groups
ie, T = {Ch,Mu,Jw}. An initial list of target terms representing
these social groups is prepared collectively by referring to the works
(Bolukbasi et al., 2016; Lu et al.,, 2020; Guo and Caliskan, 2021;
Nadeem et al., 2021; Liang et al., 2021; Kaneko and Bollegala, 2022),
which is later expanded by adding linguistic inflections. As these works
do not consider target terms related to the non-binary social group
in the gender domain, we manually curated the corresponding target

13 https://en.wikipedia.org/wiki/Emotion_classification#Parrott’s_emotions_
by_groups.

14 https://www.merriam-webster.com/.

15 https://pypi.org/project/pyinflect/.

Natural Language Processing Journal 7 (2024) 100062

terms from various articles and web resources (e.g. Center (2022)) and
verified these terms with the help of an expert in gender studies. The
entire list contains 507, 167, and 332 target terms in the domains
of gender, race, and religion, respectively (given in supplementary
material), with 199 male, 211 female, and 97 non-binary target terms
for the gender domain, 82 African American and 85 European American
target terms for the racial domain, and 122 Muslim, 111 Jewish, and
99 Christian target terms for the religious domain.

3.3. Results and analysis of corpus level affective bias

In this section, we present the results of occurrence of emotions
in the corpora and their co-occurrence with social groups in various
domains of gender, race, and religion to analyze corpus level affective
bias.

3.3.1. Occurrence of emotions in the corpora

Results of the occurrence statistics of emotions for our corpus level
affective bias analysis are shown in Table 3. The trends of emotion
occurrence illustrate that, for all the corpora, the occurrence of affective
terms related to joy is consistently higher than all other emotions;
escalating joy from the next highest occurring emotions fear and sadness
minimally by a factor of 1.1 in SemEval-2018 EI-oc and maximum by
a factor of 5.6 in C4-Val, respectively. The predominance of joy in
textual corpora can be possibly due to the reason that, psychologically
people are inclined towards expressing more positive emotions on the
web (Vittengl and Holt, 1998; De Choudhury et al., 2012; Staiano and
Guerini, 2014; Waterloo et al., 2018). On the other side, for all the
corpora, the instances of anger are consistently very low in count. The
standard deviation computed to measure the dispersion between the
occurrence of various emotions within a corpus shows that there exists
a large disparity between the occurrence of emotions within a corpus,
particularly in the large scale corpora used to pre-train PLMs. In total,
the occurrence statistics over the four basic emotions anger, fear, joy
and sadness, clearly affirms the existence of emotion imbalances in both
PLM pre-training and fine-tuning corpora.

BookCorpus contains the highest number of total affective words
among all other corpora considered. This brings to another observation
that despite BookCorpus being almost one-third of the size of WikiEn,
the number of affective words in BookCorpus exceeds WikiEn by a
factor of 1.3. We presume this is because BookCorpus being a large
corpus curated from books in the web, contains more affective words
than WikiEn curated from Wikipedia articles in the web.

3.3.2. Co-occurrence of emotions with social groups

The co-occurrence statistics of basic emotions with various social
groups in gender, racial and religious domains for each corpus is
illustrated in Table 4, where the domains are separated column wise
and emotions are grouped across the rows. We look into each domain
separately, (in the order of gender, race, and religion) and analyze the
association of emotion categories (in the order of anger, fear, joy, and
sadness) with social groups in these domains.

(A) Emotion Co-occurrence with Gender Domain: In the gender do-
main, anger mostly co-occurs with the non-binary and female
social groups than male. Fear is always highly associated with
the non-binary group, followed secondly by female. The positive
emotion joy is found to mostly co-occur with male, but, it has
the least co-occurrence with non-binary gender. Sadness mostly
co-occurs with non-binary and female groups, similar to anger.
For the fine-tuning corpus SemEval-2018, in particular, there
is no instance of co-occurrence between any of the emotions
and non-binary gender, this is due to the lack of non-binary
gender terms in the corpus; also, for this corpus, negative emo-
tions such as, anger, fear, and sadness are always found to have
high co-occurrence with female gender and the positive emotion
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Table 3
Occurrence statistics of emotions in the corpora.
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Corpus Anger Fear Joy Sadness Total affective words Standard deviation
WikiEn 533111 745 221 2479 326 1 802 466 5560 124 914 103.94
BookCorpus 1 049 407 1 647 267 3143907 1 400 423 7 241 004 922 324.00
WebText-250k 50 207 85 325 220 354 88 749 444 635 74 851.63
C4-Val 33182 66 239 394 413 69 686 563 520 169 821.19
SemEval-2018 984 1472 1579 1131 5166 280.21

Table 4
Co-occurrence statistics of basic emotions with various domains in corpora (in
percentage).

Corpus Co-occurrence with

Gender Race Religion

M F Nb EA AA Ch Mu Jw
Anger
WikiEn 12,12 1341 14.25 10.44 10.68 8.55 11.69 13.93
BookCorpus 17.61 16.15 19.02 15.09 17.06 12.20 13.74 18.64
WebText-250k 14.13 14.24 11.46 15.05 16.53 12.86 15.05 19.55
C4-Val 9.32 9.08 6.02 7.06 7.71 6.22 11.19 13.49
SemEval-2018 22.36 24.56 0 22,55 52.17 15.79 15.06 0
Fear
WikiEn 12,61 15.09 21.01 14.73 14.62 9.81 17.03 16.05
BookCorpus 22.03 24.00 25.05 23.09 23.52 14.65 21.42 16.44
WebText-250k 19.56 21.80 23.02 21.11 21.02 16.66 36.00 28.39
C4-Val 1395 13.79 16.87 13.56 13.46 9.33 23.09 19.70
SemEval-2018 25.36 26.06 0 31.37 10.87 36.84 62.16 75.00
Joy
WikiEn 40.81 40.81 39.18 45.46 4531 51.94 36.47 4193
BookCorpus 41.09 40.01 38.40 44.01 41.07 51.12 4453 40.77
WebText-250k 44.25 40.01 4279 43.69 42.44 47.54 2506 27.53
C4-Val 57.76 61.28 55.42 63.49 63.95 68.05 44.28 45.75
SemEval-2018 33.53 30.83 0 34.31 13.04 27.02 12.16 25.00
Sadness
WikiEn 34.46 30.70 25.56 29.37 29.38 29.70 34.81 28.09
BookCorpus 19.76 19.84 21.02 18.11 18.55 22.03 20.30 24.14
WebText-250k 24.05 25.25 20.83 20.75 20.51 2294 24.09 24.52
C4-Val 18.96 16.95 21.69 15.89 14.88 16.40 21.44 21.05
SemEval-2018 17.75 19.05 0 11.76  23.91 21.05 1081 0

joy is found to have high co-occurrence with male. The over-
all co-occurrence statistics of the gender domain illustrate that
negative emotions mostly co-occur with the non-binary gender
group, followed by female, and conversely, positive emotions
co-occur mostly with the male group. The observations thus
clearly dictate imbalanced associations between affective terms
and social groups of gender domain, in both pre-training and
fine-tuning corpora.

(B) Emotion Co-occurrence with Racial Domain: Evaluation results
over the racial domain illustrate that the negative emotions
anger and sadness mostly co-occur with African American race
group, whereas negative emotion fear and the positive emotion
joy mostly co-occur with European American. But, for all the
pre-training corpora, the imbalance of co-occurrence values in
the racial domain is comparatively less than the previously
discussed gender domain; for example, imbalance in the co-
occurrence of all emotions with the racial groups is negligible
in the case of WikiEn corpus. Contrary to the observations of
pre-training corpora, in fine-tuning corpus SemEval-2018, there
exists a large difference in co-occurrence values between African
and European American groups. That is, in SemEval-2018, the
negative emotions anger and sadness co-occur with the African
American race double the times than European American, indi-
cating highly imbalanced association of anger and sadness with
African American race. Whereas, the co-occurrence of negative
emotion fear and positive emotion joy with European American
group is almost thrice African American, again indicating a

highly imbalanced association, that of fear and joy emotions in
SemEval-2018 with European American group.

(C) Emotion Co-occurrence with Religious Domain: Analysis in the do-
main of religion shows that anger mostly co-occurs with Jewish
and fear mostly co-occurs with Muslim. Whereas, joy is always
found to have maximum co-occurrence with Christian. Sadness is
found to mostly co-occur with Muslim and Jew religious groups
than Christian. The results thus shows existence of high co-
occurrence between negative emotions anger, fear, and sadness
with Muslim and Jew, whereas the positive emotion joy with
Christian. Moreover, when considering previous observations
of gender and racial domains, the imbalance in the religious
domain is comparatively higher.

The entire occurrence and co-occurrence analysis over gender, race
and religious domains thus consolidate the existence of corpus level
affective bias in pre-training and fine-tuning corpora. The extensions of
such corpora holding latent affect imbalances, to build computational
models may eventually trigger chances of bias in learning models,
especially when building large scale contextual pre-trained language
models that extract all possible properties of a language.

4. Prediction level affective bias

To identify the existence of prediction level affective bias, if any,
in the perspective of large PLMs, we utilize textual emotion detection
systems built using popular large PLMs that are fine-tuned using an
emotion detection corpus. We evaluate the existence of affective bias
in the context of domains gender, race, and religion via different
synthetic and non-synthetic paired evaluation sentence corpora and
an extensive set of evaluation measures. Details of our investigation,
including description and settings of textual emotion detection models
based on large PLMs, the method to measure prediction level affective
bias with the details of evaluation corpora and measures, and the
results and analysis of prediction level affective bias, are given below.

4.1. Textual emotion detection using large PLMs

We formulate the task of textual emotion detection as a four-class
classification system with classes being the basic emotions anger, fear,
joy, and sadness. For this classification task, we utilize pre-trained lan-
guage models and fine-tune them with an aim to find the best-fit map-
ping function f : y = f(x) for the fine-tuning data (x;, y;), (x5, ), ...,
(xn,yn) with N documents, where x; indicates ith document in the
fine-tuning corpus and y; indicates the corresponding ground-truth
emotion.

The choice of PLMs, GPT-2 (Radford et al., 2019), BERT (De-
vlin et al.,, 2019), XLNet (Yang et al.,, 2019), and T5 (Raffel et al.,
2020), that are utilized in this study to identify affective bias, is
motivated by considering their acceptance as relevant and neoteric
contextualized models with high performance efficacy towards textual
emotion detection (Adoma et al., 2020; Acheampong et al., 2021)
and the much related task of sentiment analysis (Zhang et al., 2020;
Tabinda Kokab et al., 2022) within the area of affective computing.
GPT and BERT are the very popular PLMs that follow the most ef-
fective auto-regressive and auto-encoding self-supervised pre-training
objectives, respectively, where GPT uses transformer decoder blocks,
whereas BERT uses transformer encoder blocks. The autoregressive
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Table 5
Fine-tuning corpus statistics.

Emotions Number of documents

Training Validation
Anger 2089 388
Fear 2641 389
Joy 1906 290
Sadness 1930 397

nature of GPT helps to effectively encode sequential knowledge and
achieve good results (Radford et al., 2019). On the other hand, by
eliminating the autoregressive objective and alleviating unidirectional
constraints through the masked language model pre-training objective,
BERT attains powerful bi-directional representations. This ability of
BERT to learn context from both sides of a word makes it an empirically
powerful state-of-the-art model (Devlin et al., 2019). XLNet brings back
the auto-regressive pre-training objective with alternate ways to extract
context from both sides of a word and overcome the pretrain-finetune
discrepancy of BERT outperforming it in several downstream NLP tasks
(Yang et al., 2019). The development of T5 explores the landscape of
NLP transfer learning and proposes a unified framework that converts
all textual language related problems into the text-to-text format and
achieves improved performance (Raffel et al., 2020).

Each pre-trained language model (PLM) after fine-tuning and appli-
cation of softmax function at the final layer forms the textual emotion
detection model (i.e., softmax(PLM)). For each textual document d, the
fine-tuned textual emotion detection models predict an emotion class
€,1ass Dy finding the highest prediction intensity score ¢,.,,, among E
classes of emotions (namely anger, fear, joy, and sadness, for our task)
represented as,

@.1455(d) = argmax softmax(PLM (d)) D)
kel 2,...E
Cycore(d) = max Esoftmax(PLM(d)) 2

To fine-tune PLMs and build emotion detection models, we use
24-layered version of the pre-trained BERT, GPT-2, XLNet, and T5
available at HuggingFace,'® i.e., bert-large-uncased,'” gpt2-medium,'®
xInet-large-cased,' and t5-large,”® respectively, and update these ar-
chitectures by adding a final dense layer of four neurons with softmax
activation function on top of the base models to suit our four class
classification task. For our study, the choice of GPT-2 instead of the
latest version GPT-3 (Brown et al., 2020) is due to its unavailability as
an open-source pre-trained model. All four models are fine-tuned using
a popular affect detection corpus SemEval-2018 El-oc (Mohammad
et al.,, 2018) that consists a total of 10030 data instances for the
emotions anger, fear, joy, and sadness. The fine-tuning corpus is split as
8566 data instances for training and 1464 data instances for validation;
details of the number of data instances belonging to each emotion
category in the train and validation splits are shown in Table 5.

The hyperparameters that can aid the reproducibility of our emotion
detection models are, for GPT-2, XLNet, and T5 we use Adam optimizer
with learning rate 0.000001, categorical crossentropy loss function,
and 100 epochs, whereas for BERT the learning rate is 0.00001 and
rest of the above mentioned parameters are the same. The batch size
is set to 80 for BERT, XLNet, and T5, whereas 64 for GPT-2. The
total number of trainable parameters for our BERT, GPT-2, XLNet,
and T5 textual emotion detection models come out as 335145988,
354827268, 360272900, and 334943748, respectively. All experiments
were conducted on a deep learning workstation equipped with Intel

16 https://huggingface.co/.

17 https://huggingface.co/docs/transformers/model_doc/bert.
18 https://huggingface.co/docs/transformers/model_doc/gpt2.
19 https://huggingface.co/docs/transformers/model_doc/xInet.
20 https://huggingface.co/docs/transformers/model_doc/t5.
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Xeon Silver 4208 CPU at 2.10 GHz, 256 GB RAM, and two GPUs
of NVIDIA Quadro RTX 5000 (16 GB for each), using the libraries
Tensorflow (version 2.8.0), Keras (version 2.8.0), Transformer (version
4.17.0), and NLTK (version 3.6.5).

4.2. Measuring prediction level affective bias

The textual emotion detection models, when supplied with a docu-
ment/sentence, predict as output the emotion class and corresponding
emotion intensity of the document/sentence. To identify prediction
level affective bias in textual emotion detection models, we input into
these models a sentence pair that differs only in key terms representing
different social groups, with an aim to compare and contrast between
emotion predictions of sentences in that pair. For instance, sentence
pairs such as ‘She made me feel angry’ versus ‘He made me feel angry’
that only differ in key terms representing female and male social groups
concerning gender domain, or ‘African American people can dance very
well’ versus ‘European American people can dance very well’ that only
differ in key terms representing African American and European Amer-
ican social groups concerning racial domain, are input to the models
to compare and contrast between emotion predictions of sentences in
these pairs. Comparing emotion predictions using such sentence pairs
helps to pair-wise analyze and understand whether algorithmic deci-
sions of emotion classification are similar (or different) across different
social groups within a domain. Accordingly, to identify prediction level
affective bias, we use evaluation corpora that consist of sentence pairs
differing only in key terms representing various social groups.

The prediction of emotion class for a sentence is decided by the
intensity of emotions predicted by the textual emotion detection model
for that sentence. For example, for a prediction Emre(d) = {0.5,0.2,
0.1,0.2}, the choice of emotion class from the set E = {anger, fear,
joy, sadness}, would be anger. Differences in the intensities of emotion
predictions between sentences in a pair show existence of affective bias
at the intensity level, which when higher enough can alter the predic-
tion of emotion class and thereby cause affective bias at the class level.
That is, an unbiased model is expected to predict the same emotion
class and intensities for the sentence pairs that only differ in key terms
representing different social groups. Hence, to analyze affective bias in
the predictions, we utilize class based and intensity based evaluation
measures capable of comparing predictions of these sentence pairs. The
evaluation corpora and measures are detailed below.

4.2.1. Evaluation corpora

Our choice of bias evaluation corpora is based on the objective
to identify affective bias in textual emotion detection models using
sentence pairs that only differ in key terms representing social groups,
concerning either gender, racial, or religious domain. Suitably, we
utilize three different evaluation corpora, Equity Evaluation Corpus
(EEC) (Kiritchenko and Mohammad, 2018), Bias Identification Test
in Sentiments (BITS) corpus (Venkit and Wilson, 2021), and Crowd-
sourced Stereotype Pairs (CSP) corpus (Nangia et al., 2020). Similar
to most bias evaluation corpora, EEC and BITS contain template based
synthetically created sentences along with ground truth emotions. On
the contrary, CSP is a crowd sourced non-synthetic bias evaluation
corpus that possesses greater diversity within data in the perspective
of context expressed and structure of sentence pairs, but it does not
contain ground truth emotions.

EEC consists of a total of 8640 sentences capable of evaluating
gender and racial domains, from which we select 8400 sentences for
our study after excluding 240 sentences with no emotion words. For
the gender domain, the sentence pairs in EEC represent only two social
groups, female and male. To tease out affective bias towards the gender
domain, we select 1400 sentence pairs. For the racial domain, the
sentence pairs represent African American and European American
social groups, and we select 2800 sentence pairs to analyze affective
bias in racial domain.


https://huggingface.co/
https://huggingface.co/docs/transformers/model_doc/bert
https://huggingface.co/docs/transformers/model_doc/gpt2
https://huggingface.co/docs/transformers/model_doc/xlnet
https://huggingface.co/docs/transformers/model_doc/t5
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BITS consists of a total of 720 sentences capable of evaluating
gender and racial domains. In BITS, the sentence pairs for gender
domain also include the non-binary social group besides female and
male groups. For this study, we select the available 120 sentences
for each non-binary, female, and male social group in the gender
domain. The racial domain includes social groups such as American
Indian, Asian, and Latino, apart from African American and European
American groups. For this study, we only select the available small
set of 72 sentence pairs representing African American and European
American social groups, as we limit our investigation only to these two
racial groups.

CSP contains 1508 sentence pairs that cover nine domains, includ-
ing gender, race, religion, age, nationality, etc., that, unlike EEC and
BITS, do not differ ‘only’ on a single key term. A sample sentence pair in
CSP for the racial domain is ‘African American people are not very ambi-
tious as a whole’ versus ‘European American people are very ambitious as a
whole’. Such sentence pairs violate our evaluation setting of considering
sentence pairs that ‘only’ differ in key terms representing certain social
groups, an evaluation strategy to identify bias. But considering the
usefulness of such a non-synthetic corpus that suits the real-world con-
text, we manually evaluate all sentence pairs in CSP and modify them
(if required) to suit our evaluation settings. An example of modified
versions for the above mentioned sentence pair is, ‘African American
people are not very ambitious as a whole’ versus ‘European American people
are not very ambitious as a whole’, and ‘African American people are
very ambitious as a whole’ versus ‘European American people are very
ambitious as a whole’. Finally, after such modifications and exclusion
of pairs belonging to domains other than gender, race, and religion,
we gather 1970 sentences, where the gender domain consists of 263
sentence pairs representing female and male, the racial domain consists
of 566 sentence pairs representing African Americans and European
Americans, and religious domain consists of 104 sentences each for
Christian, Jew, and Muslim social groups.

Even though in some evaluation corpora, certain domains consist
of three social groups (e.g. in BITS, the gender domain consists of
male, female, and non-binary social groups, in CSP, the religious do-
main consists of Christian, Jew, and Muslim groups), our evaluation
strategies are limited to pair-wise evaluations, to maintain commonality
among all the domains. That is, for all the evaluation corpora, from the
available set of social groups, we conduct pair-wise evaluations for the
pairs, Male versus Female (M x F), Male versus Non-binary (M X Nb),
or Female versus Non-binary (F x Nb) in gender domain, European
American versus African American (EA x AA) in the racial domain, and
Christian versus Muslim (Ch x Mu), Christian versus Jew (Ch x Jw) or
Muslim versus Jew (Mu x Jw) in the religious domain.

4.2.2. Evaluation measures

For an evaluation corpus with N sentence pairs, we denote spf‘ and
spf? as the ith sentence pair representing two social groups g, and g,
(e.g. Male versus Female), respectively, in a domain (e.g. gender). We
evaluate the existence of prediction level affective bias using different
measures that rely on class (¢,,,,,) and intensity (¢.,,,) predictions of
the textual emotion detection models, details follow.

» Demographic Parity (DP): A popular class based measure to quan-
tify group fairness/bias of a classifier system, commonly used
to address general affect-agnostic biases like gender bias, racial
bias, etc. Du et al. (2021). We utilize this measure to identify
the existence of affective bias and check whether the model’s
emotion classifications are similar (or different) across different
social groups within a domain. Accordingly, we say that a textual
emotion detection model satisfies demographic parity if,

P(Eiqss(sP*1) = elz = g)

DP = — )
P(episs(sp%2) = e|z = &)

ecEand g;,5, €T 3

where, P(e,;,,,(sp%!) = el|z = g;) and P(€,,,(sp%2) = e|z = g,)
indicates the probabilities of the two social groups g, and g,,
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respectively, to predict an emotion e; g, is taken as the group
with higher probability (Feldman et al., 2015). E is the set of
all emotions, and T is the set of social groups in a domain.
Demographic parity advocates the likelihood of emotion predic-
tion outcomes of sentence pairs that differ only in key terms
denoting a certain social group should be the same; as a result,
DP=1 indicates an ideal unbiased scenario, whereas, lower the
values higher the existence of bias. Therefore, we use the general
threshold z = 0.80, lower than which indicates biased predictions
(Feldman et al., 2015).

Average Difference of Prediction Intensity Scores (avg.4): An
intensity based measure that computes the average difference of
emotion prediction intensity scores between the sentence pairs
of two social groups in a domain (Kiritchenko and Mohammad,
2018).

N
1
a0g.4 = = 3 ycore(p]") = Bucore (57| @
i=1

where, 2,,,,(spf") and &,,(sp??) indicates emotion prediction
intensity scores corresponding to the social groups g; and g,,
respectively, for the ith sentence pair concerning a domain, and
N denotes the total number of sentence pairs. That is, avg.4
indicates the average dissimilarity in prediction scores between
a pair of sentences; 0 indicates perfect similarity, and higher the
values more the dissimilarity.

Prediction Score Significance (p-value): A measure that shows
whether dissimilarity in prediction scores between the sentence
pairs is statistically significant or not. To compute prediction
score significance, we perform a paired statistical significance
test, t-Test (Kiritchenko and Mohammad, 2018) over the predic-
tion scores of sentence pairs, ;. (spf') and ?Score(spfz), using the
conventional significance level, i.e., a p-value of 0.05.

Average Confidence Score (ACS): A measure that illustrates model
bias towards a particular social group using the average ratio
between prediction intensity scores of sentence pairs (Nangia
et al., 2020), computed as,

ACS = Z 1- Crareo01) RN ) (5)
YL‘()I‘(!(Sp 2)

ACS value of an unbiased model will peak around zero, but if

it tends to negative values, then the measure indicates that the

model prediction intensities of the social group g, are higher than

g, and if it tends to positive values, it indicates that prediction

intensities of the social group g, are higher than g,.

4.3. Results and analysis of prediction level affective bias

We examine emotion predictions of each PLM based textual emotion
detection system and could observe the existence of affective bias in
the predicted emotion classes, as well as their intensities, for gender,
race, and religious domains. The sample set of predictions presented in
Table 1 is a small subset of these affectively biased emotion predictions
from the emotion detection models that employ BERT and T5. More sets
of affectively biased predictions from the PLM based textual emotion
detection systems, are provided in the supplementary material. In the
following subsections, we evaluate the results of each PLM separately.

4.3.1. Affective bias in BERT

Table 6 shows evaluation results observed for the textual emotion
detection model built using BERT, analyzing gender, racial and re-
ligious domains using three different evaluation corpora EEC, BITS,
and CSP, and various evaluation measures. The pairs of social groups
addressed by the evaluation corpora within each domain are presented
column wise, the measures are presented row wise, and the emotions
are grouped across the rows.
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Table 6
Results of BERT (Boldface is used to highlight the values of DP < threshold = = 0.80 and p-values < 0.05).
Evaluation Gender Race Religion
measures EEC BITS CSP BITS BITS EEC BITS CSsp CSp CSP CSpP
M x F M x F M x F M x Nb F x Nb EA x AA EA x AA EA x AA Ch x Mu Ch x Jw Mu x Jw
Anger
DP 0.964 1.000 0.836 0.866 0.867 0.996 0.948 1.000 0.923 0.923 1.000
avg.A 0.018 0.016 0.049 0.038 0.030 0.031 0.012 0.052 0.076 0.078 0.100
p-value 0.003 0.036 0.037 0.047 0.132 0.417 0.431 0.730 0.038 0.042 2e—-04
ACS 0.010 0.017 0.025 0.036 0.020 —-0.005 —0.008 —-0.001 0.050 —-0.084 -0.148
Fear
DP 0.954 1.000 1.000 0.938 0.938 0.961 1.000 0.743 0.857 0.885 0.968
avg.A 0.019 0.049 0.086 0.085 0.086 0.049 0.058 0.109 0.076 0.089 0.073
p-value 9.2e-12 0.864 0.767 0.043 0.063 5.3e-27 0.748 1.2e-6 0.044 0.439 0.001
ACS 0.019 —-0.010 -0.015 —0.094 —-0.088 —-0.055 -0.016 -0.123 0.031 —-0.041 —0.082
Joy
DP 0.994 1.000 0.971 1.000 1.000 1.000 1.000 0.797 0.455 0.637 0.713
avg.A 0.002 9.9e-5 0.072 0.001 0.001 0.005 0.001 0.076 0.148 0.031 0.130
p-value 0.400 0.061 0.014 0.360 0.394 0.002 0.611 0.001 0.033 0.425 0.021
ACS —0.001 —5.8e-5 0.064 —0.001 —-0.001 —-0.004 —le—4 —-0.080 —-0.240 —-0.022 0.169
Sadness
DP 0.953 1.000 0.872 0.938 0.938 0.977 0.950 0.724 0.666 0.666 1.000
avg.A 0.027 0.013 0.076 0.024 0.033 0.056 0.012 0.116 0.124 0.100 0.051
p-value 1.8e-4 0.045 0.019 0.461 0.156 0.600 0.924 le-12 0.065 0.201 0.146
ACS —-0.020 -0.019 —0.064 0.006 0.022 -0.010 —0.002 0.100 -0.279 -0.169 0.064
(A) Affective Gender Bias: Initially, looking into the gender domain, less disparity for joy. For the next measure p-value, at least one

for class based measure DP, throughout all the emotions, we can
observe that there is almost no affective bias in the predictions
made by BERT between male and female groups when evaluated
using the EEC corpus (since, DP > 0.8 in all cases), and ideally
no affective bias when evaluated using BITS corpus (since, DP =
1 in all cases). This ideal scenario in BITS might be because
BITS is a small corpus containing short-length synthetically cre-
ated sentences with explicit emotion terms that do not suit the
real-world context. When compared to synthetic corpora (EEC
and BITS), evaluations using the real-world context and non-
synthetic corpus CSP shows more disparity (lower values of DP)
between male and female groups for all the emotions except
fear. For pairs involving non-binary genders, the values of DP
are much less than those involving male and female groups of
synthetic corpora EEC and BITS, for all emotions except joy.
This indicate more disparity of male and female groups with
non-binary gender, with respect to anger, fear and sadness. Since
the evaluation of affective bias in non-binary social groups is
only possible with BITS corpus, it may limit the exploration
of affective bias towards this group and also the magnitude of
affective bias. For the measure DP, when looking across each
emotion, the most disparity (lowest value for DP) is observed
for anger between male versus female when evaluated using CSP
corpus, followed by male versus non-binary, and female versus
non-binary, for the same emotion, when evaluated using BITS
corpus. Whereas, for joy, very less disparity is observed across
the gender groups. In total, even though disparities are shown
by DP, any of the gender pairs do not have values of DP less than
the threshold = = 0.80. Hence DP does not establish the existence
of gender affective bias in the predictions of BERT using these
evaluation corpora.

Coming to the intensity based measure avg.A in the gender
domain, similar to DP, more disparity is observed for male
versus female pairs when evaluated using CSP corpus and also
for the pairs involving non-binary social groups in BITS, across
all the emotions. Different from the measure DP, avg.4 reports
highest disparity for fear, but similar to DP, avg.A shows very

of the evaluation corpora reports values less than 0.05 or statisti-
cally significant difference between male and female predictions
across the emotions, indicating the existence of affective bias.
The p-value also shows that difference between male and non-
binary predictions for anger and fear are statistically significant.
Analyzing the prediction intensity plots of pairs with statistically
significant differences (e.g. Figs. 2(a) and 2(b)), shows that their
intensity plots also depict more dispersion between data points
as well as more disparity between the corresponding mean val-
ues. Conversely, in the plots of sentence pairs with statistically
insignificant differences in prediction intensities (e.g. Fig. 2(c)),
there is very less dispersion between data points and less dispar-
ity between the mean values. Therefore p-value evidently reports
the existence of affective bias in emotion prediction intensities
of male and female groups with respect to all emotions, and for
male and non-binary groups with respect to anger and fear.

In the case of intensity based measure ACS, for emotion anger,
the positive values in Male versus Female sentence pairs of EEC,
BITS, and CSP indicates that prediction intensities for anger are
higher for the Female when compared to Male, and positive
values in Male versus Non-binary and Female versus Non-binary
sentence pairs of BITS indicates that anger prediction intensities
are higher for the Non-binary group when compared to Male and
Female. Similarly, when examining across evaluation corpora,
prediction intensities of fear and joy are higher for Male and
Female genders, and prediction intensities of sadness are higher
for Male and Non-binary genders. Therefore in the gender do-
main, the measure ACS also indicates affective bias in prediction
intensities.

(B) Affective Racial Bias: The European and African American racial

groups when evaluated using CSP corpus, for the measure DP,
shows the presence of affective bias for all emotions except
anger, where EEC and BITS fail to identify it. Similarly, the avg.A
disparities among intensity predictions of these racial groups
are also much more visible when evaluated using CSP corpus.
Either or both, EEC and CSP corpora shows that the difference
in intensity predictions of these racial groups are statistically
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Fig. 2. Intensity plots of emotion predictions from BERT.

significant with p-values less than 0.05, for all emotions ex-
cept anger, similar to the observations of the measure DP. The
measure ACS also shows disparities in prediction intensities
between the racial groups, where, for all emotions, prediction
intensities of European American race are mostly higher than
African American.

(C) Affective Religious Bias: In the religious domain, the measure

DP evidently shows affective bias in the emotion joy with very
low values for all three religious pairs and also in sadness for
Christian versus Muslim and Christian versus Jew pairs. For
all the emotions, the values of DP indicate more bias in the
Christian versus Muslim and Christian versus Jew sentence pairs
than in the Muslim versus Jew pairs. The measure avg.4 shows
that there exist disparities between prediction intensities of reli-
gious pairs, and these disparities are found to be comparatively
higher than the pairs of gender and racial domains. The p-value
indicates statistically significant differences in intensity predic-
tions of anger between all three religious pairs. Also, Christian
versus Muslim and Muslim versus Jew pairs show statistically
significant differences in intensity predictions of all emotions
except sadness. The measure ACS shows that for BERT anger and
fear prediction intensities are higher for Muslim followed by
Christian, and joy and sadness prediction intensities are higher
for Christian followed by Jew.

4.3.2. Affective bias in GPT-2
(A) Affective Gender Bias: Table 7 shows evaluation results observed

for GPT-2 where similar to BERT, no gender affective bias is
observed with the measure DP for any of the emotion class
predictions. Whereas intensity based disparities are shown by
the measure avg.4, which is highly visible when evaluated using
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CSP corpus. The difference in prediction intensities between
Male versus Female when evaluated using EEC corpus for all
emotions except joy, and Male versus Non-binary and Female
versus Non-binary when evaluated using BITS corpus for all
emotions except fear, are statistically significant with p-values
< 0.05, indicating the existence of affective bias in emotion
prediction intensities. The measure ACS indicates that, in GPT-
2, anger and joy prediction intensities are higher for Male and
Female genders, fear prediction intensities are higher mainly for
Female, and sadness prediction intensities are higher mainly for
Male gender.

(B) Affective Racial Bias: In the racial domain, similar to gender,

DP does not show racial affective bias for any of the emotion
class predictions, whereas intensity based disparities are shown
by the measure avg.A. Here also, the disparities for class based
measure DP and intensity based measure avg.4, are more visible
when evaluated using CSP corpus. Whereas BITS reports an ideal
unbiased scenario for DP and very low disparity for avg.A. The
measure p-value reports that the difference in prediction inten-
sities of European and African American races are statistically
significant for all emotions except sadness. The measure ACS
shows that, in GPT-2, prediction intensities of anger and sadness
are mostly higher for African American race, whereas predic-
tion intensities of fear and joy are mostly higher for European
American race.

(C) Affective Religious Bias: Unlike gender and race, in the religious

domain the class based measure DP reports affective bias (with
values of DP < 0.8) in the predictions of all emotions except
fear. The measure avg.A also shows disparities in prediction
intensities of religious pairs. The p-values indicate that differ-
ence in fear prediction intensities for the pairs Christian versus
Muslim and Muslim versus Jew are statistically significant. The
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Table 7
Results of GPT-2 (Boldface is used to highlight the values of DP < threshold = = 0.80 and p-values < 0.05).
Evaluation Gender Race Religion
measures EEC BITS CSP BITS BITS EEC BITS CSP csp cSP CSP
M x F M x F M x F M x Nb F x Nb EA x AA EA x AA EA x AA Ch x Mu Ch x Jw Mu x Jw
Anger
DP 0.992 0.926 0.954 0.960 0.889 0.980 1.000 0.920 0.600 0.867 0.692
avg.A 0.023 0.006 0.039 0.008 0.008 0.038 0.010 0.050 0.059 0.048 0.021
p-value 2.5e-05 0.103 0.772 0.031 0.004 3.4e-5 0.015 0.037 0.580 0.788 0.626
ACS 0.013 0.007 -0.005 -0.006 -0.008 0.011 0.012 0.015 -0.044 -0.018 0.010
Fear
DP 1.000 1.000 0.991 0.960 0.960 0.996 1.000 0.901 0.883 0.985 0.870
avg.A 0.016 0.007 0.058 0.017 0.015 0.030 0.010 0.063 0.139 0.069 0.158
p-value 0.048 0.372 0.505 0.917 0.787 0.012 0.101 0.183 6.9e-13 0.262 7e-13
ACS -0.003 0.002 0.001 3.7e-4 -0.001 -0.011 -0.014 0.005 0.159 -0.040 -0.277
Joy
DP 0.985 1.000 0.914 1.000 1.000 0.995 1.000 0.936 0.545 0.600 0.909
avg.A 0.008 3.3e-5 0.073 0.001 0.001 0.017 2e-4 0.101 0.114 0.100 0.089
p-value 0.640 0.713 0.761 0.018 0.017 0.872 0.204 6.1e-5 0.110 0.944 0.069
ACS ~7.3e-5 5.3e-6 -0.023 -0.001 -0.001 -0.003 —2e-4 -0.108 0.135 -0.011 -0.129
Sadness
DP 0.985 0.951 0.927 1.000 0.951 0.996 1.000 0.938 0.467 0.933 0.502
avg.A 0.011 0.002 0.047 0.014 0.014 0.018 0.010 0.055 0.039 0.045 0.045
p-value 4.5e-29 0.262 0.313 0.042 0.042 0.178 0.725 0.283 0.310 0.429 0.343
ACS -0.012 -0.001 -0.020 -0.013 -0.011 -0.002 0.001 0.006 -0.058 0.028 0.060
measure ACS shows that for GPT-2 anger prediction intensities 4.3.4. Affective bias in T5
are mostly higher for Christian, fear and joy prediction intensi- (A) Affective Gender Bias: Table 9 shows evaluation results of T5.
ties are higher for Muslim and Christian, and sadness prediction In the gender domain, class based measure DP shows affective
intensities are mostly higher for Jew groups. bias in the predictions of Male versus Female pair for anger and
fear when evaluated using CSP corpus. The avg.4 measure shows
o disparities in prediction intensities, and p-values indicate that
4.3.3. Affective bias in XLNet differences in prediction intensities of Male versus Female pair
(A) Affective Gender Bias: Table 8 shows evaluation results of XLNet, for all emotions except fear and in pairs involving Non-binary
where the class based measure DP shows negligible affective bias gender for emotions anger and fear are statistically significant.
(values of DP is almost one) in emotion predictions of gender The measure ACS indicates high prediction intensities for anger,
pairs, whereas avg.A shows disparities in emotion prediction joy and sadness mostly by Male gender and high prediction
intensities of these pairs. The p-values report that differences be- intensities for fear mostly by Female and Non-binary genders.
tween intensity predictions are statistically significant for Male (B) Affective Racial Bias: The measure DP does not confirm class
versus Female pairs for all emotions, and also for pairs involving based affective racial bias in T5 predictions, whereas avg.4
the Non-binary group for emotion anger. The measure ACS indi- shows intensity based affective racial bias, with statistically
cates high anger and fear prediction intensities for Female and significant differences in intensity predictions of the racial pairs
Male genders, and high joy and sadness prediction intensities for fi)fr.all Te emonons. ACSh}nl(Iilcaftes pred1ct1l(in 1nten51(tj1.es. of
Male and Non-binary genders. : ;lcai' me;rlzan race a;e igher for ahnge;, wfere}is pre 1ct102
. . . . . intensities of European American are higher for fear, joy an
(B) Affective Racial Bias: Similar to the gender domain, the mea- P & » JoY
. . . i sadness.
sure DP does not confirm class based affective racial bias in . .. . . .
(C) Affective Religious Bias: In the religious pairs, the measure DP

XLNet, but avg.4 shows disparity in intensities of predictions
with p-value indicating statistically significant differences be-
tween prediction intensities of both races, for all emotions. The
measure ACS shows that anger and sadness prediction intensities
are higher for African American, whereas fear and joy prediction
intensities are higher for European American race.

(C) Affective Religious Bias: In the religious domain, even though the

values of DP are less compared to gender and racial domains,
it is not sufficient to confirm class based affective religious bias
in the emotions except sadness whose values are very low and
reporting bias. The measure avg.4 shows disparity in prediction
intensities, with p-value indicating statistically significant differ-
ences between Christian versus Muslim and Muslim versus Jew
religious pairs, for anger and sadness. The measure ACS indicates
that anger prediction intensities are mostly higher for Muslim
religion followed by Christian, fear mostly higher for Christian
followed by Muslim, and joy and sadness higher for Christian and
Jew.
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indicates affective bias in Muslim versus Jew pairs for all emo-
tions, in Muslim versus Christian pairs for all emotions except
anger, and in Christian versus Jew pairs for joy. The avg.A shows
intensity based disparities in all emotions, and p-values indicate
that the differences in prediction intensities are statistically sig-
nificant in the case of Muslim versus Jew pair for all emotions
except joy and in Christian versus Jew pair for the emotion
fear. ACS indicates that anger and joy prediction intensities are
higher for Jew religion followed by Christian, fear prediction
intensities are higher for Christian followed by Muslim, and
sadness prediction intensities are higher for Christian followed
by Jew.

5. Discussion

5.1. Affective bias - Across the PLMs

This study analyzes affective bias in the predictions of textual
emotion detection models at class level and intensity level. In most
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Table 8

Results of XLNet (Boldface is used to highlight the values of DP < threshold 7 = 0.80 and p-values < 0.05).
Evaluation Gender Race Religion
measures EEC BITS CSp BITS BITS EEC BITS CSP CSP CSpP CSp

M x F M x F M x F M x Nb F x Nb EA x AA EA x AA EA x AA Ch x Mu Ch x Jw Mu x Jw

Anger
DP 0.983 1.000 1.000 1.000 1.000 0.976 1.000 0.974 0.825 0.869 0.950
avg.A 0.017 0.005 0.053 0.017 0.019 0.048 0.004 0.061 0.115 0.083 0.110
p-value 1.7e-6 0.002 0.226 0.035 0.014 0.041 0.561 0.063 0.008 0.842 0.001
ACS 0.015 0.005 —-0.028 —-0.015 —-0.020 —-0.021 0.002 0.015 0.077 —-0.032 —-0.153
Fear
DP 0.991 1.000 0.989 1.000 1.000 0.988 1.000 0.938 0.810 1.000 0.810
avg.A 0.012 0.030 0.080 0.060 0.071 0.038 0.036 0.067 0.054 0.070 0.047
p-value 0.032 0.809 0.680 0.667 0.642 0.228 0.004 0.003 0.561 0.807 0.703
ACS 0.004 —0.001 —0.003 —0.008 -0.013 —-0.007 —0.050 —0.062 —-0.029 —0.005 —-0.019
Joy
DP 0.993 1.000 0.974 1.000 1.000 0.970 1.000 0.804 0.856 1.000 0.857
avg.A 0.010 0.013 0.084 0.006 0.018 0.022 0.009 0.084 0.027 0.077 0.086
p-value 0.457 0.118 0.028 0.158 0.125 0.011 0.573 0.024 0.357 0.410 0.397
ACS —0.003 —-0.018 0.056 0.006 0.019 —-0.012 0.004 —-0.073 —0.055 0.073 0.133
Sadness
DP 0.998 1.000 0.989 1.000 1.000 0.997 1.000 0.902 0.533 0.833 0.640
avg.4A 0.009 0.003 0.050 0.007 0.008 0.028 0.007 0.083 0.094 0.065 0.104
p-value 0.013 0.010 0.553 0.203 0.061 0.253 0.075 5.1e—6 0.048 0.637 0.010
ACS —-0.003 —-0.003 —-0.031 0.002 0.005 —-0.004 0.009 0.046 -0.131 0.007 0.124

Table 9

Results of T5 (Boldface is used to highlight the values of DP < threshold r = 0.80 and p-values < 0.05).
Evaluation Gender Race Religion
measures EEC BIT CSP BITS BITS EEC BITS CSp CSp CSp CSp

M x F M x F M x F M x Nb F x Nb EA x AA EA x AA EA x AA Ch x Mu Ch x Jw Mu x Jw

Anger
DP 0.983 0.966 0.765 0.897 0.866 0.933 0.952 0.903 0.968 0.816 0.790
avg.A 0.039 0.016 0.077 0.021 0.022 0.101 0.004 0.106 0.082 0.113 0.097
p-value 3.6e-20 0.530 0.385 0.017 0.043 0.001 0.458 6.8e—8 0.118 0.491 0.041
ACS —0.044 0.006 —-0.037 —-0.029 —0.032 0.005 0.002 0.070 -0.086 0.014 0.064
Fear
DP 0.994 1.000 0.778 0.897 1.000 0.966 1.000 0.867 0.783 0.915 0.717
avg.A 0.017 0.029 0.079 0.079 0.068 0.039 0.067 0.099 0.079 0.148 0.145
p-value 0.309 0.318 0.662 0.003 0.004 3.1e-7 0.022 9.2e-5 0.602 0.001 2.8e-5
ACS 0.002 0.008 —-0.025 0.071 0.063 —-0.035 —0.087 -0.111 -0.005 -0.242 —-0.263
Joy
DP 0.990 1.000 0.848 1.000 1.000 0.961 1.000 0.971 0.624 0.375 0.600
avg.A 0.009 2e—-4 0.062 le—4 2.8e—4 0.029 0.009 0.068 0.183 0.001 0.075
p-value 0.003 0.025 0.885 0.605 0.115 0.122 0.332 0.001 0.122 0.468 0.423
ACS —0.009 —2e—4 —-0.025 —-1.6e-5 1.8e-4 —-0.014 —-0.014 -0.078 -0.320 0.001 0.075
Sadness
DP 0.998 0.973 0.952 0.925 0.900 0.998 0.955 0.972 0.500 0.900 0.450
avg.4A 0.023 0.006 0.082 0.009 0.014 0.074 0.007 0.103 0.095 0.118 0.085
p-value 8.6e-15 0.035 0.689 0.223 0.871 0.002 0.048 0.957 0.121 0.751 0.020
ACS —-0.026 —-0.006 —-0.027 —0.008 —-0.002 —0.040 —-0.007 —-0.030 -0.150 —-0.002 0.099

cases, class based measures that are capable of identifying differences
in emotion classes predicted for two different social groups, do not
show affective bias, whereas intensity based measures mostly identify
the existence of affective bias in predicted emotion intensities. This
is because the differences in predicted emotion intensities between
the social groups might not be that very high to alter the choice of
emotion class predictions, but even then there exists affective bias due
to differences in the predicted emotion intensities. When comparing
across the PLMs, class based affective gender bias is only observed in
T5, whereas intensity based affective gender bias is observed in all
the PLMs. Similarly, class based affective racial bias is only observed
in BERT, whereas intensity based affective racial bias is observed in
all the PLMs. But, in the domain of religion, all four PLMs show
high magnitudes of class based and intensity based affective bias,
i.e., compared to gender and race, the religious domain is observed to have
high existence of affective bias. We believe this could be a reflection
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of comparatively high affect imbalance with respect to the religious
domain in the pre-training corpora (from Table 4).

XLNet is observed to have the least class based affective bias, with
bias only observed in the case of the religious domain for the emo-
tion sadness. XLNet is also observed to have the least intensity based
affective bias among all the PLMs when considering the measures avg.4
(i.e., the top five values of avg.A4 do not have any instance of XLNet)
and p-value (i.e., the number of instances in XLNet with statistically
significant differences are also low). Whereas T5 has the maximum
class based biased instances, and also high intensity based affective bias
among all the PLMs when considering the measures avg.4 (i.e., top five
values of avg.4 have three instances of T5) and p-value (i.e., the number
of instances in T5 with statistically significant differences are also high).
BERT also shows class based and intensity based affective bias, nearly
similar but comparatively less than T5, followed by GPT-2.
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This study explores affective bias in large PLMs that are trained on
millions of parameters. However, rapid growth in the data processing
technology and plenty availability of data has recently, very quickly
evolved the category of large PLMs to being trained on billions of
parameters, the PLMs such as LLaMA (Touvron et al., 2023), Flan-T5
XXL (Chung et al., 2022), PaLM (Chowdhery et al., 2023), LaMDA
(Thoppilan et al., 2022), etc. All these PLMs have the benefits of
huge improvements in their performance, capable of performing several
downstream tasks, and supporting multi-lingual and multi-modal data
processing. All such large PLMs highly rely on the large availability
of massive amounts of textual data especially collected from the web,
Wikipedia, Book Corpus, etc. In most cases, which proportion of data
is extracted from a source to train a PLM is not fully transparent.
For example, LLaMA uses different data proportions from different
commonly available data deluges such as CommonCrawl (67.0%), C4
(15.0%), Wikipedia (4.5%), etc., where which data proportions are
extracted from each of the sources is not fully transparent. Also, the
training data quality is unmanageable and unverifiable by even a large
group of human crowd (Navigli et al., 2023), where there are chances
of the existence of affective biases in these recent large PLMs. For
example, LLaMA is trained on data proportions from several corpora in-
cluding C4 and Wikipedia, which are already investigated in this study
and identified with the affect imbalances. The large PLMs PaLM and
LaMDA are also trained on billions of tokens extracted from web pages,
books, Wikipedia, and news articles, indicating chances of existence of
affective bias. Similarly, Flan-T5 is a variant of the T5, and in this study
we observed that T5 has the highest affective bias amongst the PLMs
XLNet, BERT, and GPT-2.

5.2. Affect imbalance in corpora and affective bias in predictions

When revisiting the analysis of corpora involved in training PLMs,
we have already observed (in Table 4) that these corpora have imbal-
anced co-occurrences of emotions with certain social groups in gender,
racial and religious domains. Further at the prediction level, PLMs that
utilize these corpora seems to reflect some of these imbalances hinting
at the propagation of affect imbalance in data towards affective bias
in predictions. For example, in pre-training and fine-tuning corpora
of BERT (i.e., WikiEn, BookCorpus, and SemEval-2018), the emotion
anger has high co-occurrence with Non-binary and Female groups than
Male. This seems to reflect in the predictions of BERT, i.e., the measure
ACS shows that prediction intensities of anger are higher for Non-
binary and Female groups than Male. Some other imbalanced emotion
associations that exist in these corpora like sadness more associated
with Male and Non-binary groups in the gender domain, joy more
associated with European American racial group, fear more associated
with Muslim, joy more associated with Christian, etc., are also seen
to be reflected in the predictions of BERT when evaluated using the
measure ACS. Similar to BERT, we can also observe the reflection of
corpus level affective bias from pre-training and fine-tuning corpora
of GPT-2 (i.e., WebText-250k and SemEval-2018) to the predictions
of GPT-2, e.g., (1) high co-occurrence of fear with Female and Non-
binary genders in the corpora, and high prediction intensities of fear for
Female and Non-binary genders, (2) high co-occurrence of anger with
African American race in the corpora, and high prediction intensities
of anger for African American, (3) high co-occurrence of fear with
Muslim religion in the corpora, and high prediction intensities of fear
for Muslim, etc. Such examples of reflection of corpus level affective
bias in the predictions of PLMs are also visible in XLNet and T5. These
instances give hints that affect imbalances in the large scale corpora of
PLMs may lead to affective bias in the predictions of the models that utilize
these PLMs. Hence, this study further opens the scope for much more
nuanced explorations in the direction of affective bias propagation from
the corpus to model prediction.
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5.3. Societal stereotypes and affective bias

The imbalanced/biased association of emotions with certain so-
cial groups within a domain, either at the corpus level or prediction
level, reflects several affect-oriented societal stereotypes. Patterns in
the training corpora and predictions of PLM based textual emotion
detection models showing high association of African American race
with anger (an example plot of high anger prediction intensities for
African American race is presented in Fig. 3(a)) reflect the “Angry
Black” stereotype that misrepresents and victimizes blacks as hostile
in mainstream American culture and suppress their emotions (Lozada
et al., 2022). Another pattern of high association of European American
race with fear (an example plot of high fear prediction intensities for
European American is presented in Fig. 3(b)) reflects the existence of
stereotypes such as fear of crime, residential integration, and racial
prejudice among the whites (Skogan, 1995). The high association of
Non-binary genders with negative emotions especially fear, and very
rarely associating with positive emotion joy, reflects the societal stigmas
like homo-negativity and homophobia against these gender minorities
(Hahn et al., 2020). Similarly, the high association of Muslim religion
with fear (an example plot of high fear prediction intensities for Muslim
is presented in Fig. 3(c)), which we believe may probably be due to the
Islamophobia manifested through text, are inline with the experimental
results in Abid et al. (2021b) that reports language generated by GPT-
3 (Brown et al., 2020) in the context of the Muslim religion are more
associated with violence.

5.4. Effectiveness of evaluation corpora in unveiling affective bias

When comparing the capability of the evaluation corpora EEC,
BITS, and CSP, we could observe that BITS, with a smaller number of
sentence pairs (120 for gender and 72 for race) and explicit emotion
terms, is mostly unable to recognize the existence of affective bias in
perspective of both class level and intensity level analysis. But even
though EEC also has implicit representation of emotion terms similar
to BITS, the availability of a large number of sentence pairs (1400 for
each domain) eventually helps EEC to identify the existence of affective
bias better than BITS. On the other side, even with a smaller number
of sentence pairs (263 for gender, 566 for race, 104 for religion), the
evaluation corpus CSP helps to identify affective bias to a great extent,
and it is the only corpus that unveils class based affective bias in the
domains. We believe the non-synthetic and real-world context nature
of sentence pairs in CSP could have been advantageous in identifying
affective bias. Therefore, upgrading such a corpus with more number
of sentence pairs or procuring new evaluation corpora containing non-
synthetic real-world sentences, along with corresponding ground truth
emotions could eventually help towards comprehensive and rigorous
explorations in the direction of identifying affective bias and quantify-
ing its magnitude using ground truth dependent measures like Equal
Opportunity (Du et al., 2021).

6. Conclusion

Textual affective analysis and recognition enable efficient ways to
encode and understand human emotional states from textual data and
yield new opportunities to systems such as business, healthcare, and
education by analyzing customers, employees, users, patients, etc., in
the context of affective content. Unfair representations of affect in
language, i.e. affective bias in such systems discriminate social groups
in a domain on the basis of certain emotions while making algorithmic
decisions. Affective bias in textual emotion detection systems when
deployed in the real world, can harm the ethical trust of these systems
and can be potentially threatening to human lives. Hence, analyzing
the existence of affective bias in these systems is crucial to avoid huge
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Fig. 3. Intensity plots of emotion predictions reflecting societal stereotypes.

disputes and damages in society similar to the adverse effects produced
by many other unfair systems such as unfair recidivism prediction.?!
In this work, we for the first time, to the best of our knowledge,
attempted to explore and identify any existence of affective bias in
large PLMs, when utilized for the task of textual emotion detection,
with respect to the domains gender, race, and religion. For the study,
we used BERT, GPT-2, XLNet, and T5 considering their popularity and
wide applicability in textual emotion detection and many other related
tasks. As algorithmic bias has its roots from data bias, we started our
exploration of affective bias by analyzing the imbalanced distribution of
affect in the pre-training corpora of these PLMs i.e., WikiEn, BookCor-
pus, WebText-250, and C4-Val, and SemEval-2018 used to fine-tune the
emotion detection models. Later, we analyzed the existence of affective
bias in the predictions of fine-tuned emotion detection models built
using these large PLMs. Evaluations are performed to analyze affective
bias in the predicted emotion classes and corresponding intensities of
social groups within a domain using three different evaluation corpora
and various class based and intensity based evaluation measures. Our
wide set of experiments and evaluation strategies confirm the existence
of affect imbalance in large scale corpora and affective bias in emotion
predictions of the PLMs, with affective bias mostly higher for TS5
compared to the other PLMs. The high association of emotion anger
with African American race, joy with European American race, fear
with the Muslim religion, etc., are some examples of affective bias.
Religious domain reports more biased instances, compared to gender
and race, for all the PLMs. Our results also demonstrated that the
biased predictions of the models are inclined with patterns of affect

21 https://www.propublica.org/article/machine-bias-risk-assessments-in-
criminal-sentencing?token=nD-X136_tDmOnh114XtvOLbpjY_BSO3u.
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imbalance in the corpora, and both these reflect certain affect-oriented
societal stereotypes, hinting at the propagation of affective bias towards
predictions of the PLMs. To aid future research, we shall make publicly
available all the relevant materials including the pre-processed pre-
training and fine-tuning corpora, evaluation corpora modified to suit
our task, list of affective terms and target terms for corpus level
analysis, source code, and fine-tuned textual emotion detection models
along with their emotion class and intensity predictions, at https:
//github.com/anoopkdcs/affective_bias_in_plm and https://dcs.uoc.ac.
in/cida/projects/ac/affective-bias.html along with the publication.

6.1. Future work

The proposed study explores corpus level affective bias using a sim-
ple approach to analyzing the distributions of affective target terms in
the corpora. In the future, we are planning to conduct a more nuanced
exploration towards the corpus level affective bias in the context of
various facets such as the time of creation of corpora, people behind
corpora, languages and cultures (Navigli et al., 2023). Recent affect
agnostic bias analysis studies explore bias in the context of causality (Su
et al., 2022); therefore to further explore the relationship between the
corpus characteristics and model bias we are also planning to conduct
causality based affective bias analysis.

In context the model predictions, the observations of affective bias
and its magnitudes in this study are dependent on the choice of eval-
uation corpora and measures, i.e., certain instances of ‘no affective
bias’ or marginal magnitudes of affective bias may also be due to the
limited capability of evaluation corpora and measures to unveil the
actual latent affective bias that exists in the model. Therefore in the
future, we are considering extending the study with a set of real-world
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context evaluation corpora, for example, by expanding CSP in terms of
the number of sentences and also by procuring ground truth emotions
that allow applying other evaluation measures like Equal Opportunity
(Du et al., 2021). Beyond analyzing each sentence pair in a domain
separately, we are looking into the ways to simultaneously analyze
sentences representing various social groups in a domain, for example,
analyzing sentence triplets like Male versus Female versus Non-binary.

A very recent and relevant work that addresses a similar line of
thoughts in the context of affect agnostic bias in PLMs from pre-training
data to language models to downstream tasks in the political domain
is explained in Feng et al. (2023). In the backdrop of this work, we
observe a wide scope of exploring political affective bias in large PLMs.
Because, there are works in the literature that give hints that emotions
such as anger, disgust, or fear are more frequent in the predictions of
republicans’ (right-leaning) posts, whereas love or sadness are more
often predicted for democrats’ (left-leaning) posts (Huguet Cabot et al.,
2020).

Our initial attempt to identify affective bias in textual emotion
detection models that utilize large PLMs, opens up the vast future scope
towards identifying affective bias in the other very recent large PLMs
such as LLAMA, Flan-T5 XXL, PaLM, LaMDA, etc. There also exists a
wide scope for affective bias mitigation, which we believe, can be better
achieved by adopting more convenient solutions that utilize constraints
while fine-tuning the prediction system (i.e., in-processing) and post-
processing, rather than retraining or fine-tuning the PLM based affect
prediction systems with unbiased corpora which are expensive and
cumbersome (Hooker, 2021).
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