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Figure 1: Collaboration between humans and models in the Natural Language Processing paradigm. 
Humans provide various forms of feedback in different stages of workflow which can significantly 
improve the model’s performance, interpretability, explainability,  and usability.

Currently, natural language processing models proliferate language discrimination 
leading to potentially harmful societal impacts as a result of unfair or bias outcomes. 
For example, part-of-speech taggers trained on Standard American English (SAE) 
produce non-interpretable results when applied to African American English (AAE) as 
a result of language features not seen during training (see Table 1). 

In this work, we incorporate a human-in-the-loop paradigm and propose to annotate a 
sample of AAE tweets to create and evaluate part-of-speech taggers specifically 
targeting this variety.

Figure 2: Parts of Speech example.

Motivation
Our goal is to gain a better understanding of AAE language use to understand context and word 
ambiguities beyond evaluation measures such as accuracy. We believe that our work can serve as a 
steppingstone for large-scale sociolinguistic and raciolinguistic analysis of AAE as there's a dire need 
to develop language technologies for such English varieties, pushing back against potentially 
discriminatory practices due to Standard English monolingualism in NLP.

Research Questions

We propose three research questions (RQs):

RQ 1: Do fairness issues exist in POS tagger models due to a lack of AAE data? 
RQ 2: How can we quantitatively and qualitatively ensure fairness in NLP tools? 
RQ 3: How can we incorporate more dialectal languages in the NLP community?
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CASE STUDY: For example, in sentiment analysis a common AAE phrase, “I had a long ass
day” would receive a lower sentiment polarity score because of the word “ass”, a (noun) term 
typically classified as offensive. However, in AAE, this term is often used as an emphatic 
cumulative adjective and perceived as non-offensive.

First, we collect 3000 tweets from the publicly available TwitterAAE [1] corpus, each tweet is 
accompanied by inferred geolocation topic model probabilities from Twitter + Census 
demographics and word likelihoods with over 99% confidence to calculate demographic dialect 
proportions. To directly address the issue of lexical, semantic, and syntactic ambiguity, we attempt 
a proactive approach in data-collection quantify language use by: 
(1) Employing 5 trained linguistics Amazon Mechanical Turk (AMT) workers. 

(2) Crowd-sourcing grammatical syntax rules and word use cases of current AAE language 
features from 20 crowd-sourced annotators from diglossic communities (for testing purposes). 

We focus on aggregating the appropriate tags by collecting tags from AAE literature and 
AAE/slang specific dictionaries such as The Online Slang Dictionary1 and Word Type2 and later 
contrast these aggregated tags with inferred NLTK PTB inferred tags (see Table 2):

[1] Su Lin Blodgett, Lisa Green, and Brendan O’Connor. 2016. 
Demographic dialectal variation in social media: A case study of 
African-American English. In Proceedings of the 2016 Conference 
on Empirical Methods in Natural Language Processing, pages 1119–
1130, Austin, Texas. Association for Computational Linguistics. 

2] Edward Loper and Steven Bird. 2002. NLTK: The natural 
language toolkit. In Proceedings of the ACL-02 Workshop on 
Effective Tools and Methodologies for Teaching Natural Language 
Processing and Computational Linguistics, pages 63–70, 
Philadelphia, Pennsylvania, USA. Association for Computational 
Linguistics. 

Figure 3: Bidirectional Long Short-Term Memory 
(Bi-LSTM) network architecture

Figure 4: Conditional Random Field (CRF) 
model architecture
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1http://onlineslangdictionary.com/
2https://wordtype.org/

Table 3, we display the accuracy of the inferred and 
manually annotated (Manual) tagged datasets, and 
their performance difference. However, Table 4 
displays the F1 scores of NLTK predicted tags before 
and after Manual tags showing that models trained 
under our manually annotated dataset outperform 
traditional off-the-shelf models in terms of accuracy 
while maintaining or even improving the prediction 
performance. Although accuracy margins are 
relatively small i.e., 1.48% in the Bi-LSTM network 
and 1.97% in the CRF model between the NLTK and 
Manual AAE datasets.

Table 3: Accuracy of the inferred and manual AAE 
datasets, and their performance difference. 

Table 4: F1 scores of NLTK (Inferred and 
Manual) POS tag predictions. 
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