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Automatic speech recognition (ASR) systems are widely used in voice assistants, transcription 
services, and accessibility tools, yet prior research suggests they perform unevenly across 
dialects. This project investigates performance disparities in commercial ASR systems for African 
American Vernacular English (AAVE). We curated and transcribed over 200 hours of 
question–response style AAVE speech data and split it into training, validation, and test sets. Using 
an automated benchmarking pipeline, we evaluate systems including OpenAI Whisper, Amazon 
Transcribe, and Deepgram. Performance is measured using Word Error Rate (WER), with 
statistical analyses such as Welch’s t-test and Shapiro–Wilk tests applied to assess significance 
and distributional assumptions. Preliminary findings indicate that several commercial systems 
exhibit elevated WER on AAVE speech relative to reported general benchmarks. To address this 
gap, we are fine-tuning models on the curated dataset and observing reductions in WER, though 
this phase remains ongoing. By combining systematic benchmarking, statistical rigor, and dataset 
development, this work contributes toward more equitable and representative speech recognition 
technologies 
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