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Cognitive models of reading explain how lexical processing, attention, and oculomotor control 

shape eye movement behavior. Two leading models embody different theories of reading: E-

Z Reader [1] assumes serial attention allocation and staged lexical processing that controls 

saccade programming, whereas SWIFT [2] assumes parallel lexical processing within a 

distributed attentional gradient and an autonomous saccade timer. These differences should 

affect both aggregate reading measures—fixation durations, skipping, and regressions—and 

the way linguistic effects of the stimulus unfold over time and across words. 

Prior work. Existing comparisons of E-Z Reader and SWIFT are mostly qualitative or focus 

on aggregate surface-level reading measures for an “average” reader. Recent studies that use 

both models treat them mainly as baselines for evaluating deep neural generative models of 

eye movements. It remains unclear whether E-Z Reader and SWIFT capture how linguistic 

predictors shape reading: local effects, spillover, temporal effect distribution, and individual-

level predictor effects. 

Current study. We test E-Z Reader and SWIFT using spillover and individual differences in 

linguistic effects as diagnostics of reading mechanisms. We ask whether the models simulate 

population-level effects of word length, lexical frequency, and surprisal; how these effects spill 

over to the subsequent word; and how these effects vary across readers.  

Method. For each reader, we fit E-Z Reader and SWIFT separately and evaluate their 

simulations on held-out test data from three sentence-reading corpora: English CELER [1], 

Dutch RaCCooNS [2], and German OCULO [3]. We compare model performance across 

surface reading measures, local and spillover effects, temporal effect distribution, and 

individual-level predictor effects. 

Results. Model performance differed by the level of analysis. SWIFT better simulated 

participant-level reading measures, whereas E-Z Reader better captured word-level measures. 

E-Z Reader was generally better calibrated for population-level effects of word length, 

frequency, and surprisal (Fig. 1). SWIFT overestimated local effects, particularly word length 

and frequency, and showed larger temporal distribution mismatches (Tab. 1). For individual 

differences, both captured general reading speed better than the reader-specific effects of 

linguistic predictors. Neither model recovered individual spillover effects (Fig. 2). 

Summary. Analyzing spillover reveals how models distribute processing difficulty over time, a 

critical step for teasing apart theories of serial versus parallel processing. Weak individual-level 

recovery suggests that current models might require systematic, theoretically motivated 

mechanisms for individual differences, beyond reader-specific parameter fitting. 
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Figures and Tables 
Fig. 1: Population-
level effects on gaze 
durations in empirical 
data and model 
simulations across 
datasets. Points 
show posterior 
means; error bars 
show 95% CrIs; 
asterisks mark where 
the model vs. 
empirical difference 
CrI excludes zero. 

 

Tab. 1: Temporal 
distribution of local 
and spillover effects. 
Values are posterior 
means with 95% 
credible intervals; 
bold indicates that 
the directions of the 
models’ estimates 
match those in the 
empirical data. 
  

Fig. 2: Participant-
level correlations 
btw. empirical & 
model-simulated 
predictor effects 
across datasets. The 
left and right halves 
show the correlation 
distributions for E-Z 
Reader and SWIFT, 
respectively; 
points/error bars 
show medians and 
75% HPDIs. 

 



 
Optional Supplemental Information 

 
Tab. 2: Overview of the datasets. Predictor statistics of the stimulus are summarized as 

mean (SD). Lexical frequency was lemma frequency. Observations report the total number of 

word-level observations and the subset with valid first-pass reading time (FPRT) used in the 

main analyses. 

 


