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FOREWORD

Research in experimental linguistics often relies on balanced word lists
that are controlled for objective (e.g., frequency) and subjective (e.g., emotional
arousal) word metrics. However, such values are not available for all words in a
language, and notoriously, they are limited especially in non-Indo-European lan-
guages such as Turkish. This situation often leaves researchers with two choices:
collect word metric data for specific word lists or simply ignore the variation in
word metrics. The first option is challenging due to the time and resource costs,
which become even more significant when the primary focus of the research is not
the investigation of word metrics. The second option brings the risk of misleading
results and conclusions, introducing noise rather than providing clear directions
for the literature.

Empirical Investigations of Generative Al in Experimental Linguistics raises a
crucial question: Can Generative Al reliably estimate word metrics even in a lan-
guage that is typologically different from the languages that dominate its primary
training data? Using controlled experiments, the chapters of this book compare
human baseline ratings with Al-generated estimates for frequency, familiarity,
concreteness, imageability, emotional arousal, and emotional valence. Each ex-
perimental chapter includes a second experiment with a “few-shot” anchoring
strategy, examining whether providing reference values can calibrate the models
and improve their accuracy. The results are promising for some metrics, whereas
others should continue to be based primarily on human ratings.

Specifically designed for psycholinguistics and computational linguistics, this
book offers a statistically tested framework for integrating Generative Al into ex-
perimental linguistics research. It offers a highly efficient way to reduce the tradi-
tional data collection costs for certain word metrics, allowing researchers to create
more balanced word lists without compromising research design quality or under-
taking extensive data collection procedures.

Dr. Enis Oguz
Ankara / Tiirkiye
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CHAPTER 1

GENERATIVE Al AND WORD METRICS
IN PSYCHOLINGUISTIC RESEARCH

Abstract

This introductory chapter examines the fundamental concepts in estimating
word metrics (e.g., frequency) using Generative AI (GenAI) models. The chapter,
and the book, focuses on a morphologically rich and productive non-Indo-
European language, Turkish. Consequently, a critical question was investigated:
Can Al reliably estimate word metrics in a language that is typologically different
from the language it was mostly trained on? The investigation is of utmost
importance since calculating word metrics can be costly and time-consuming,
especially when the data for that particular language is limited and requires new
data collection processes. The chapter discusses different strategies in prompting,
as well as the statistical evaluations to determine the performance of AI models.
In particular, Spearman’s rank correlation (p), Pearson’s correlation coeflicient
(r), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE) were
explained along with their formulas. The definitions in this chapter set the scene
for upcoming chapters, giving essential information regarding statistical metrics
and methodological choices.

Keywords: Generative AI (GenAlI), psycholinguistics, word metrics, Turkish,
computational linguistics





