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Recent neurolinguistic studies of sentence comprehension often use Node Count (NC, see Figure 1), the num-

ber of syntactic nodes built at each word, as the linking hypothesis connecting word-by-word syntactic structure

building and neural activity [e.g., 1]. The assumption behind the use of NC is that syntactic structure building

incurs cognitive effort. If so, larger NC should lead to increased processing difficulty. However, several stud-

ies using English and Japanese datasets have reported that higher dependency-based NC is associated with

faster reading times [2, 3, 4]. These findings challenge the interpretation of NC as an index of processing effort

and instead point toward an alternative explanation in terms of predictability or anti-locality effects [5], because

NC is correlated with the amount of linguistic context that is strongly related to the current word syntactically

and/or semantically. Building on these findings, we ask the following questions: (i) Is the effect of NC on reading

times negative across datasets and grammar formalisms? (ii) If so, do NCs based on different formalisms have

independent effects? (iii) If syntactic Node Count indexes predictability, is it independent from large language

model surprisal?

Material and Methods. Eye-tracking data from Dundee and self-paced reading data from Natural Stories

are analyzed. Reading times are averaged across participants, and spillover from two preceding regions is

considered. Five variants of NC are considered based on widely adopted grammars and strategies: Penn

Treebank-style phrase structure grammar (PSG) using top-down, bottom-up, and left-corner parsing strate-

gies; Universal Dependencies-style dependency grammar; and incremental parses of Combinatory Categorial

Grammar (CCG). Unlike previous works studying CCG NC [e.g., 4], we only count binary operations since the

status of unary rules as syntactic operations is debated. To answer (i), we first conduct nested model compari-

son using linear regression models given in (1). For each variant of NC, its contribution to the model’s goodness

of fit is evaluated by 10-fold cross-validation comparing a baseline model (2) with the target model (3) contain-

ing the NC. Significance of improvement in log likelihood is evaluated by a paired permutation test (4). We then

look at the signs of the coefficients of the significant NCs. To address (ii), the best model is searched using AIC,

starting from a model containing all variants of NC found to be significant in (i) plus the baseline predictors. For

(iii), NCs that are significant in (i) are re-evaluated against a baseline augmented with GPT-2 surprisal.

Results. (i) We find significant effects of NCs based on PSG bottom-up, dependency, and CCG (Figure 2).

Significant NCs consistently exhibit negative coefficients (Figure 3) in the wi and wi−1 regions. Top-down and

left-corner NCs failed probably because predictive structure building makes NCs less directly linked to the

amount of contextual information. The best models selected in (ii) show that NCs based on different grammars

can have independent effects, with Dependency being themost pronounced (Table 1). (iii) Controlling for GPT-2

surprisal had little impact on the results (Figure 2).

Discussion. Our results indicate that NC functions as a proxy for predictability, rather than structure-building

complexity as usually assumed. In addition, that NCs from different grammar formalisms explain unique vari-

ance in different timing supports the view that structural processing is shaped by multiple representations.

Moreover, the persistence of some effects after controlling for GPT-2 surprisal suggests that structural cues

contribute to predictive processing under cognitive resource constraints.
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Figure 1: Example of Node Count under a

phrase structure bottom-up parsing.

yi = x⊤i β + εi, εi
iid∼ N (0, σ2), yi = RTi (1)

xi,base = [zonei, positioni,wleni, unifreqi,wleni · unifreqi, (2)
wleni−1, unifreqi−1,wleni−1 · unifreqi−1,

wleni−2, unifreqi−2,wleni−2 · unifreqi−2]

xi,targ = [xi,base;NCi,NCi−1,NCi−2] (3)

∆logliki = logP (yi | ŷtarg,i, σ̂targ)− logP (yi | ŷbase,i, σ̂base) (4)

Figure 2: Predictive power of each Node Count.

White-filled points indicate results after controlling for

GPT-2 surprisal. The star means the statistical sig-

nificance, where α = 0.05 with correction accross

datasets.

Figure 3: Regression coefficients of each Node Count,

averaged over 10-fold CV. Negative values indicate

shorter reading times for higher Node Count.

PSG Bottom-up Dependency CCG

Natural Stories – *** (wi) –
Dundee First-pass *** (wi−1) – n.s.
Dundee Go-past n.s. ** (wi) *** (wi−1)
Dundee Total fixation ** (wi) / * (wi−2) *** (wi) / *** (wi−1) / *** (wi−2) ** (wi−1)

Table 1: Significance of Node Counts in the best models on held-out test data.
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