Is Machine Learning Speaking My Language? Gender Bias and Under-Representation in Natural Language Processing Across Human Languages


Abstract
Natural Language Processing (NLP) systems are at the heart of many critical automated decision-making systems making crucial recommendations about our future world. However, these systems reflect a wide range of bias, from gender bias to a bias in which voices they represent. In this paper, we try to replicate the research which was previously performed by a team including speakers of 9 languages - Chinese, Spanish, English, Arabic, German, French, Farsi, Urdu, and Wolof - reports and analyzes measurements of gender bias in the Wikipedia corpora for these 9 languages. Although this time, the team is extending the languages to Nepali and Hindi language. In the process, we also document how our work exposes crucial gaps in the NLP-pipeline for many languages. Despite substantial investments in multilingual support, the modern NLP-pipeline still systematically and dramatically under-represents most human voices in the NLP-guided decisions that are shaping our collective future. We develop extensions to profession-level and corpus-level gender bias metric calculations originally designed for English and was applied later to 8 other languages, including languages like Spanish, Arabic, German, French and Urdu that have grammatically gendered nouns including different feminine, masculine, and neuter profession words. We will be doing the same with Nepali and Hindi languages this time. We compare these gender bias measurements across the Wikipedia corpora in Nepali and Hindi languages as well as across some corpora of more traditional literature.
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1. INTRODUCTION
Corpora of human language are regularly fed into machine learning systems as a keyway to learn about the world. Natural Language Processing plays a significant role in many powerful applications such as speech recognition, text translation, and autocomplete and is at the heart of many critical automated decision systems making crucial recommendations about our future world (Yordanov 2018) (Banerjee 2020) (Garbade 2018). Systems are taught to identify spam email, suggest medical articles or diagnoses related to a patient’s symptoms, sort resumes based on relevance for a given position, and many other tasks that form key components of critical decision-making systems in areas such as criminal justice, credit, housing, allocation of public resources and more. Much like facial recognition systems are often trained to represent white men more than black women (Buolamwini 2018), machine learning systems are often trained to represent human expression in languages such as English and Chinese more than in languages such as Urdu or Wolof.

The degree to which some languages are under-represented in commonly used text-based corpora is well-recognized, but the ways in which this effect is magnified throughout the NLP-tool chain is less discussed. Despite huge and admirable investments in multilingual support in projects like Wikipedia (Wikipedia 2020C), BERT (Devlin et al. 2018), Word2Vec (Mikolov et al. 2013), Wikipedia2Vec (Yamada et al. 2018)(Ousia 2016), Natural Language Toolkit (NLTK 2005), MultiNLI (Williams et al. 2020), many NLP tools are only developed for and tested on one or at most a handful of human languages and important advancements in NLP research are rarely extended to or evaluated for multiple languages. For some languages, the NLP-pipeline is streamlined: large publicly available corpora and even pre-trained models exist, tools run without errors and there is a rich set of research results applied to that language (Wali, 2020). However, for most human languages, there is hurdle after hurdle. Even when a tool technically does support a given language, that support often comes with substantial caveats such as higher error rates and surprising problems. Also lack of representation at early stages of the pipeline (e.g. small corpora) adds to the lack of representation in later stages of the pipeline (e.g lack of tool support or research results not applied to that language).

In a highly influential paper “Man is to Computer Programmer as Woman is to Homemaker? Debiasing Word Embeddings”, Bolukbasi et al. (2016) developed a way to measure gender bias using word embedding systems like Word2vec. Specifically, they defined a set of gendered word pairs such as (“he”,“she”) and used the difference between these word pairs to define a gendered vector space. They then evaluated the relationship of profession words like doctor, nurse, or teacher relative to this gendered vector space. They demonstrated that word embedding software trained on a corpus of Google news could associate men with the profession computer programmer and women with the profession homemaker. Systems based on such models, trained even with “representative text” like Google news, could lead to biased hiring practices if used to, for example, parse resumes and suggest matches for a computer programming job. However, as with many results in NLP research, this influential result has not been applied beyond English.

In some earlier work from our own team,“Quantifying Gender Bias in Different Corpora”, we applied Bolukbasi et al.’s methodology to computing and comparing corpus-level gender bias metrics across different corpora of the English text (Babaeianjelodar 2020). There we measured the gender bias in pre-trained models based on a “representative” Wikipedia and Book Corpus in English and compared it to models that had been fine-tuned with various smaller corpora including the General Language Understanding Evaluation (GLUE) benchmarks and two collections of toxic speech, RtGender and IdentityToxic. We found that, as might be expected, the RtGender corpora produced the highest gender bias score. However, we also found that the hate speech corpus, IdentityToxic, had lower gender bias scores than some of more representative corpora found in the GLUE benchmarks. By examining the contents of the IdentityToxic corpus, they found that most of the text in Identity Toxic reflected bias towards race or sexual orientation, rather than gender. These results confirmed the use of a corpus-level gender bias metric as a way of measuring gender bias in an unknown corpus and comparing across corpora, but again was only applied in English. 

Those results also demonstrated the difficulty in predicting the degree of gender bias in unknown corpora without measuring it (Babaeianjelodar 2020). It is an increasingly common practice for application developers to start with pre-trained models and then add in a small amount of fine-tuning customized to their application. However, when the amount of gender bias learned from these “off-the-shelf” ingredients occurs unexpectedly, it can introduce unexpected, learned gender bias in deployed applications in unpredictable ways, leading to significant problems when used to make critical decisions impacting the lives of individuals.

This common practice of application developers starting with a pre-trained model and then adding in a small amount of fine-tuning to customize their application has another important consequence. Pre-training from scratch using the large corpora necessary for meaningful NLP-results is expensive (i.e. days on a dozen CPUs). When a team can download a pre-trained model, they avoid this substantial overhead. Fine-tuning is much less expensive (i.e. hours on a single CPU). This makes NLP- based results accessible to a wider range of people, but only if such a pre-trained model is available for their language. When these easy-to-use pre-trained models exist for only a few languages (BERT, 2020), it steers more teams to languages with these pre-trained models and away from other languages and thus can further exacerbate the disparity in representation and participation among human languages.

In our previous works, our team build on the work of Bolukbasi et al. and our own earlier work to extend these important techniques in gender bias measurement and analysis beyond English. This was challenging because unlike English, many languages like Spanish, Arabic, German, French and Urdu, have grammatically gendered nouns including feminine, masculine, and neuter or neutral profession words. Since Nepali and Hindi has similar challenging words and have grammatically gendered nouns, we are also replicating the work on the same.

In the process, we document many ways in which other sources of bias, beyond gender bias, are also being introduced by the modern NLP pipeline. Starting with the input data sets, Wikipedia is often used to train or test NLP-systems and there are substantial differences in the size and quality of the Wikipedia corpora across languages, even when adjusted for the number of speakers of each language. We demonstrate how the modern NLP pipeline not only reflects gender bias, but also leads to substantially over-representing some (especially English voices recorded in the digital text) and under-representing most others (speakers of most of the 7000 human languages and even writers of classic works that have not been digitized). Previously, speakers of 9 languages from our team, who have recently examined the modern NLP toolchain, highlighted the difficulties that speakers of many languages face in having their thoughts and expressions included in the NLP-derived conclusions that are being used to direct the future for all of us. This time, we are adding 2 more languages to implement the same pattern.

In Section 2, we describe modifications that we made to the defining set and profession set proposed by Bolukbasi et al. to extend the methodology beyond English. In Section 3, we discuss the Wikipedia corpora and the occurrence of words in the modified defining and profession sets for 9 languages in Wikipedia. In Section 4, we extend Bolukbasi’s gender bias calculation to languages, like Hindi and Nepali, with grammatically gendered nouns. We apply this to calculate and compare profession-level and corpus-level gender bias metrics for Wikipedia corpora in the 9 languages. In Section 5, we discuss the need to assess corpora beyond Wikipedia. We conclude in Section 6.
Specific aspects of this ongoing work have been described in Wali et al. (2020), Chen et al. (2021) and Matthews et al. (2021).

2. DEFINING SETS AND PROFESSION SETS
Word embedding is a powerful NLP technique that represents words in the form of numeric vectors. It is used for semantic parsing, representing the relationship between words, and capturing the context of a word in a document (Karani 2018). For example, Word2vec is a system used to efficiently create word embeddings by using a two-layer neural network that efficiently processes huge data sets with billions of words, and with millions of words in the vocabulary (Mikolov 2013).

Bolukbasi et al. developed a method for measuring gender bias using word embedding systems like Word2vec. Specifically, they defined a set of highly gendered word pairs such as (“he”, “she”) and used the difference between these word pairs to define a gendered vector space. They then evaluated the relationship of profession words like doctor, nurse or teacher relative to this gendered vector space. Ideally, profession words would not reflect a strong gender bias. However, in practice, they often do. According to such a metric, doctor might be male biased or nurse female biased based on how these words are used in the corpora from which the word embedding model was produced. Thus, this gender bias metric of profession words as calculated from the Word2Vec model can be used as a measure of the gender bias learned from corpora of natural language.

In this section, we describe the modifications we made to the defining set and profession set proposed by Bolukbasi et al. in order to extend the methodology beyond English. Before applying these changes to other languages, we evaluate the impact of the changes on calculations in English. In this section, we also describe the Wikipedia corpora our team used across 9 languages as well as the couple of other languages that we are using to analyze the occurrences of our defining set and profession set words in these corpora.

2.1 Defining Set
We call the list of gendered word pairs used to define what a gendered relationship looks like a defining set. Bolukbasi et al’s original defining set contained 10 English word pairs (she-he, daughter-son, her-his, mother-father, woman-man, gal-guy, Mary-John, girl-boy, herself-himself, and female-male) (Bobluski et al. 2016). Our team began with this set, but made substantial changes in order to compute gender bias effectively across 9 languages.
Specifically, the team removed 6 of the 10 pairs, added 3 new pairs and translated the final set into 8 additional languages. Table 1 summarizes the reasons for the 6 removals. Our team had also added 3 new pairs (queen-king, wife-husband, and madam-sir) for which more consistent translations were available across languages. We also decided to remove one word pair from defining word set and the reasoning for the same has been mentioned below. Our final defining set thus contains 6-word pairs. Table 2 shows our translations of this final defining set across the 2 languages added in our study.

Table 1: Removed Word Pairs
	Word pair 
	Reasons 

	she-he 
	They are the same in some languages like Wolof, Farsi, Urdu, and German relying on context for disambiguation. For example, in German, “sie” without additional context would be very difficult to determine whether it correlates to she, them, they, or you. 

	her-his 
	In some languages like French and Spanish, the gender of the possessive word refers to the object rather than to the person to whom the object belongs. In German without context, “ihrer” could mean her, your, theirs or yours. 

	gal-guy 
	They are the same words in some languages like Wolof. There are no translations for these words in some languages like Urdu and Arabic. 

	Mary- John 
	Simply translating Mary and John to other languages is problematic, but so is trying to identify some alternate "typical" male-female names. 

	herself- himself 
	They are the same words in some languages like Wolof, Farsi, Urdu, and German relying on context for disambiguation. 

	female- male 
	They can be nouns or adjectives in many languages which introduces ambiguity. 

	Madam-sir
	These words don’t have a literal translation in Nepali and Hindi Language and are usually used as is.




Table 2: Final defining set translated in Nepali Language.

	[bookmark: _Hlk165807736]English
	Nepali
	Hindi

	woman
	महिला 
	औरत

	man
	पुरुष
	आदमी

	daughter
	छोरी
	बेटी

	son
	छोरा
	बेटा

	mother
	आमा
	माँ

	father
	बुवा
	बाप

	girl
	केटी
	लड़की

	boy
	केटा
	लड़का

	queen
	रानी
	महारानी

	king
	राजा
	राजा

	wife
	श्रीमती
	पत्नी

	husband
	श्रीमान
	पति




2.2 Profession Set
	ID
	include
	English-neutral
	English-group
	Nepali -English
	Nepali-neutral 
	Nepali-Female
	Nepali-Male
	Nepali-Group
	Hindi-English
	Hindi-neutral
	Hindi-Female
	Hindi-Male

	
	ISO639-3
	en
	en
	Ne
	Ne
	Ne
	Ne
	Ne
	Hi
	Hi
	Hi
	Hi

	0
	y
	nurse
	nurses
	
	परिचालिका
	
	
	परिचालिकाहरु
	
	उपचारिका
	
	

	1
	y
	teacher
	teachers
	
	शिक्षक
	शिक्षीका
	शिक्षक
	शिक्षकहरु
	
	शिक्षक
	शिक्षीका
	शिक्षक

	2
	y
	writer
	writers
	
	लेखक
	
	
	लेखकहरु
	
	लेखक
	
	

	3
	y
	engineer
	engineers
	इन्जिनियर
	
	
	
	इन्जिनियरहरु
	
	अभियंता
	
	

	4
	y
	scientist
	scientists
	
	वैज्ञानीक
	
	
	वैज्ञानीकहरु
	
	वैज्ञानीक
	
	

	5
	y
	manager
	managers
	
	प्रबन्धक
	
	
	प्रबन्धकहरु
	
	प्रबन्धक
	
	

	6
	y
	driver
	drivers
	
	चालक
	
	
	चालकहरु
	
	चालक
	
	

	7
	y
	banker
	bankers
	बैंकर
	
	
	
	बैंकरहरु
	बैंकर
	
	
	

	10
	y
	musician
	musicians
	
	संगितकार
	
	
	संगितकारहरु
	
	संगितकार
	
	

	11
	y
	artist
	artists
	
	कलाकार
	
	
	कलाकारहरु
	
	कलाकार
	
	

	12
	y
	chef
	chefs
	
	भान्से
	
	
	भान्सेहरु
	
	बावर्ची
	
	

	13
	y
	filmmaker
	filmmakers
	
	चलचित्र निर्माता
	
	
	चलचित्र निर्माताहरु
	
	फ़िल्म निर्माता
	
	

	14
	y
	judge
	judges
	
	न्यायाधिश
	
	
	न्यायाधिशहरु
	
	न्यायाधिश
	
	

	15
	y
	comedian
	comedians
	
	हास्य कलाकार
	
	
	हास्य कलाकारहरु
	
	हास्य अभिनेता
	
	

	16
	y
	inventor
	inventors
	
	आविष्कारक
	
	
	आविष्कारकहरु
	
	आविष्कारक
	
	

	17
	y
	worker
	workers
	
	कामदार
	
	
	कामदारहरु
	
	कार्यकर्ता
	
	

	18
	y
	soldier
	soldiers
	
	सिपाही
	
	
	
	
	सैनिक
	
	

	19
	y
	journalist
	journalists
	
	पत्रकार
	
	
	पत्रकारहरु
	
	पत्रकार
	
	

	21
	y
	student
	students
	
	विद्यार्थी
	छात्रा
	छात्र
	विद्यार्थीहरु
	
	विद्यार्थी
	छात्रा
	छात्र

	22
	y
	athlete
	athletes
	
	खेलाडी
	
	
	खेलाडीहरु
	
	खेलाडी
	
	

	23
	y
	actor
	actors
	
	
	अभिनेत्री
	अभिनेता
	कलाकारहरु
	
	
	अभिनेत्री
	अभिनेता

	25
	y
	governor
	governors
	गभर्नर
	
	
	
	गभर्नरहरु
	गभर्नर
	
	
	

	26
	y
	farmer
	farmers
	
	किसान
	
	
	किसानहरु
	
	किसान
	
	

	27
	y
	person
	people
	
	ब्यक्ती
	
	
	ब्यक्तीहरु
	
	ब्यक्ती
	
	

	28
	y
	lawyer
	lawyers
	
	वकिल
	
	
	वकिलहरु
	
	वकिल
	
	

	29
	y
	adventurer
	adventurers
	
	साहसी
	
	
	साहसीहरु
	
	साहसी
	
	

	30
	y
	aide
	aides
	
	सहायक
	
	
	सहायकहरु
	
	सहयोगी
	
	

	31
	y
	ambassador
	ambassadors
	
	राजदुत
	
	
	राजदुतहरु
	
	दुत
	
	

	32
	y
	analyst
	analysts
	
	विश्लेषक
	
	
	विश्लेषकहरु
	
	विश्लेषक
	
	

	33
	y
	astronaut
	astronauts
	
	अन्तरिक्ष यात्री
	
	
	अन्तरिक्ष यात्रीहरु
	
	अन्तरिक्ष यात्री
	
	

	34
	y
	astronomer
	astronomers
	
	खगोलबिद
	
	
	खगोलबिदहरु
	
	खगोलबिद
	
	

	35
	y
	biologist
	biologists
	
	जीवशास्त्री
	
	
	जीवशास्त्रीहरु
	
	जीवशास्त्री
	
	




Our team had previously made certain changes to Bolukbasi et al’s profession word set in English to compute gender bias effectively across 9 languages. Bolukbasi et al. had an original list of 327 profession words (Bolukbasi 2016), including some words that would not technically be classified as professions like saint or drug addict. this list down to 32 words including: nurse, teacher, writer, engineer, scientist, manager, driver, banker, musician, artist, chef, filmmaker, judge, comedian, inventor, worker, soldier, journalist, student, athlete, actor, governor, farmer, person, lawyer, adventurer, aide, ambassador, analyst, astronaut, astronomer, and biologist. We continued the same word set in Nepali and Hindi Languages.

Nepali and Hindi Languages despite having their own words for Banker, Governor, and Engineer, we have decided to go with a translation of English into these languages as their authentic words are barely used. 

