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Purpose: Verb argument structure (VAS) is often impaired in poststroke aphasia. 
Previous studies investigated VAS impairments using constrained experiments or 
less often narrative speech, which relies on time-consuming manual annotations 
of VAS in speech transcriptions. Here, we aimed to develop and validate an auto-
mated approach to quantify VAS use in narrative speech using natural language 
processing (a dependency parser) and to apply it to a new data set. 
Method: First, we validated this approach by comparing manually annotated 
measures of VAS from a previous study, with automatically annotated VAS 
measures developed here. We then applied this approach to a new data set of 
participants with aphasia (n = 106), whose narrative discourse samples were 
compared to a control group from AphasiaBank to (a) replicate previous findings 
and (b) assess VAS impairments in agrammatism specifically. 
Results: The analysis of the new data set using automatically annotated VAS 
revealed that participants with Broca’s aphasia and, according to grammatical 
distinctions, agrammatic participants were more likely to select verbs used with 
fewer arguments, on average, and to produce fewer arguments than controls. 
Conclusions: This study reveals that dependency parsers are suitable to char-
acterize VAS use in spontaneous speech with virtually absent manual labor, 
confirming the feasibility of developing clinically applicable tools for complex 
language analysis. The results of the study additionally show that participants 
with aphasia differ from controls in their VAS sensitivity and abilities. 
Impairments to verb production are a prominent fea-
ture of poststroke aphasia. Verbs are associated with an 
argument structure, which defines the relations between the 
entities taking part in the event described by the verb 
(Giglio, Hagoort, & Ostarek, 2024; Jackendoff, 1992; Levin 
& Rappaport Hovav, 2005). There have been several investi-
gations of verb and argument structure impairments in apha-
sia, both using constrained tasks, such as the Northwestern 
Assessment of Verbs and Sentences (NAVS; Cho-Reyes & 
Thompson, 2012), and using elicitations of narrative speech, 
such as through retelling of the Cinderella story (MacWhinney 
et al., 2011). Quantitative and qualitative characterizations of 
verb argument structure (VAS) in aphasia, however, require 
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intensive manual annotations that are not always feasible in 
clinical practice and in research. In this study, we developed 
a new quantitative way of characterizing VAS for over 4,000 
verbs and used this method to characterize VAS in aphasia 
with very limited manual input and annotations. This auto-
mated approach has the potential of being used in clinical 
settings as well, as VAS impairments could be assessed with 
automated annotations from a single discourse task. 

VAS in Aphasia 

Aphasia is an acquired language disorder. It can be 
caused by brain lesions following stroke, neurodegenera-
tive diseases such as primary progressive aphasia, trau-
matic brain injury, tumor, or infections. In poststroke 
aphasia, each individual presents with a different behav-
ioral profile, but most individuals have difficulties with 
noun and verb retrieval and are usually classified as being
right © 2026 American Speech-Language-Hearing Association 1
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fluent or nonfluent, depending not only on speech rate but 
also on lexical retrieval and grammaticality of connected 
speech (Clough & Gordon, 2020). In addition, some per-
sons with aphasia (PWAs) can be classified as having a 
specific sentence-level deficit, such as expressive agramma-
tism (henceforth termed agrammatism). Agrammatism is 
associated with fragmented or simple utterances, morpho-
syntactic errors, omission of verbs, and function words 
(Faroqi-Shah, 2023; Matchin et al., 2020). In spontaneous 
speech, patients with agrammatism are found to omit 
verbs and morphemes, produce inflection errors (Casilio 
et al., 2019; Goodglass et al., 1993), and produce errors in 
VAS (Malyutina et al., 2016). Participants with agramma-
tism often have impairments with verb retrieval, relative 
to noun retrieval (E. Bates et al., 1991; Miceli et al., 1988; 
Thompson, 2019), although verb production is difficult 
for all aphasia types, partly due to verbs having higher 
processing demands than nouns (Mätzig et al., 2009). 

Verbs can vary in complexity based on their argu-
ment structure. Verbs can be used with different numbers 
of arguments, defined as verb valency, such as a single 
argument (e.g., agent in intransitive verbs such as “jump”), 
two arguments (e.g., agent and patient in transitive verbs 
such as “hit”), or three arguments (e.g., agent, theme, and 
recipient in verbs such as “give”). According to the “argu-
ment structure complexity” hypothesis, verbs with more 
arguments are more difficult to produce for speakers with 
agrammatism, also when they are produced in isolation 
(e.g., with picture naming), because the lexical–syntactic 
representations of verbs encode the number and type of 
arguments, making verb access more effortful with more 
arguments (Thompson, 2003; Thompson et al., 1997). 
Speakers with agrammatic aphasia are found to have diffi-
culties with the production (but not comprehension) of 
verbs with more arguments (e.g., Kim & Thompson, 2000; 
Thompson et al., 2012), as well as verbs in noncanonical 
structures (such as unaccusatives, where a patient argument 
is mapped to subject role: “the vase fell,” or passive sen-
tences; Cho-Reyes & Thompson, 2012; Lee & Thompson, 
2004; Thompson et al., 1997). 

Verbs also differ in whether their arguments are 
obligatory (“Mary kicked the ball” vs. “*Mary kicked”) 
or optional (“Mary was reading the book” vs. “Mary was 
reading”) and in how many ways their arguments can be 
represented syntactically (e.g., “give” with indirect object 
and direct object, or direct object and prepositional 
object). Some verbs are particularly flexible in how many 
argument configurations they can be used with. For exam-
ple, a verb such as “think” can be used without a direct 
object or with a clausal complement (e.g., “he was think-
ing”; “he thought that . . .”). Shapiro and Levine (1990) 
found that verbs with more argument configurations have 
greater processing demands in comprehension because all 
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argument structure configurations are activated when 
accessing their lexical representations. The same effect was 
found in participants with agrammatic aphasia, suggesting 
that their lexical representations were intact. However, with 
respect to speech production, the evidence is less conclusive, 
with some studies finding no differences on argument option-
ality (Barbieri et al., 2019, 2024; Meltzer-Asscher et al., 
2015), some studies finding more difficulties for option-
ally transitive verbs relative to obligatory transitive verbs 
(Cho-Reyes & Thompson, 2012), and other studies finding 
facilitatory effects for verbs with more subcategorization 
options (Malyutina & den Ouden, 2017; Malyutina et al., 
2016; Malyutina & Zelenkova, 2020). 

Most of these studies tested VAS with controlled 
experimental designs. In these cases, cues to a verb’s  argu-
ment structure are provided by a picture (with entities inter-
acting to depict an event). An eye-tracking study found that, 
while participants with agrammatism have intact access to 
verb meaning and can integrate arguments with the verb, 
they are impaired in the retrieval of argument structure when 
the arguments are not provided (Mack et al., 2013). It is 
therefore also important to investigate verb production in 
spontaneous speech, which can provide information about 
(a) which verbs are available to participants without visual 
probes and (b) whether the argument structure is respected 
in speech without visual cues to necessary entities in an 
action. A previous study investigated VAS in narrative 
speech through retellings of the Cinderella story available on 
AphasiaBank (MacWhinney et al., 2011; Malyutina et al., 
2016). Malyutina et al. (2016) found that argument structure, 
measured with transitivity and subcategorization options, 
does not hinder verb selection in spontaneous speech, but 
participants with Broca’s aphasia were found to use those 
verbs less correctly in their argument structure realizations. 
That is, they would not only underuse the options offered 
by the verbs’ optional argument and subcategorization struc-
tures but also violate obligatory constraints on VAS. There-
fore, they argued that VAS complexity does not hinder verb 
access, but it affects verb use in the s entence.

Three main limitations were noted for the study by 
Malyutina et al. (2016). First, the characterization of the 
transcribed speech samples in terms of verb and VAS use 
was done manually. This required time-consuming work 
that is not applicable to clinical settings. A previous study 
that attempted to automate the marking of sentence com-
plexity features using Computerized Language Analysis 
(CLAN) software found that automated commands for 
VAS measures were not comparable to manual coding 
from the Northwestern Narrative Language Analysis hand 
coding (Fromm et al., 2020). It is therefore fundamental 
to pursue alternative options for the automatic coding of 
argument structure. Second, the manual annotations 
followed VAS categorizations based on dictionary entries.



 

 

Figure 1. Example of the dependency structure that is identified 
by the dependency parser from CoreNLP for an example sen-
tence. The verb is marked as the head of the sentence, and all 
other words are dependency relations attached to the verb or to 
their respective heads (e.g., “slipper” is head for “the”). Parts of 
speech: RB = adverb; NN = noun; VBD = verb, past tense; DT = 
determiner. Dependency relations: advmod = adverbial modifier; 
nsubj = noun subject; obj = object; det = determiner.
This assumed that both impaired and unimpaired speeches 
follow categorical constraints on VAS (i.e., on how many 
arguments are used), while in practice, argument use may 
be more flexible. For example, the verb “run” is usually 
considered to be intransitive, but it can be used transi-
tively in many constructions (e.g., “running an analysis”). 
The flexibility of verb use was also noted as a problem for 
automated annotation with CLAN in a previous study, as 
it can also reduce reliability in manual annotations 
(Fromm et al., 2020; Hsu & Thompson, 2018). Third, the 
study did not explicitly characterize agrammatism but 
used Broca’s aphasia as a proxy for agrammatism, since 
agrammatism most often occurs in Broca’s aphasia, (but 
Broca’s aphasia does not always include agrammatism 
[den Ouden et al., 2019; Goodglass, 1993]). In the current 
study, we therefore sought to apply a more clinically feasi-
ble quantification-based approach to the assessment of 
VAS use by characterizing VAS based on actual use in 
available corpora. In addition, we characterized VAS use 
in agrammatism relative to other speakers with aphasia 
and controls. 

Automatic Extraction of VAS With 
Dependency Parsers 

As mentioned, the analysis of VAS in spontaneous 
speech requires detailed annotations of speech transcripts 
to identify (a) all the verbs used, (b) all the arguments 
used, and (c) instances of missing or incorrect arguments 
(Malyutina et al., 2016). Malyutina et al. (2016) used a 
dictionary to get examples of the different ways each verb 
can be used and, as such, of their subcategorization 
options. This requires time-consuming manual annota-
tions, which apply only to a limited set of verbs. Here, we 
used a dependency parser from CoreNLP (Chen & Manning, 
2014; Manning et al., 2014) to identify all the verbs and 
arguments used by each participant without manual anno-
tations (Lopopolo et al., 2021; Tesnière, 2015). However, 
we were not able to focus on instances of missing or incor-
rect arguments since these still require manual annotation. 
The use of parsers has grown in recent years to quantify 
incremental linguistic processing in discourse both from a 
receptive point of view and in spontaneous production 
(e.g., Brennan, 2016; Coopmans et al., 2025; Giglio, 
Ostarek, et al., 2024; Li & Hale, 2019). A dependency 
parser is also used for the creation of the grammatical tier 
in CLAN software for the Codes for the Human Analysis 
of Transcripts (CHAT) protocol, which is widely used in 
aphasia research (MacWhinney, 2000). 

Dependency parsers organize sentences in a depen-
dency structure of relations between pairs of words, a 
head and a dependent. Finite verbs are often the heads of 
a dependency structure, and all words are linked to other 
words by means of dependency relations, which corre-
spond to grammatical functions (see Figure 1). Of most 
relevance here, the dependency parser can isolate verbs in a 
sentence and find the words that are their dependency rela-
tions. By labeling the dependency relations, it also allows for 
focusing on the relations that are relevant for argument struc-
ture such as “nsubj” and “obj” in the example in Figure 1, 
but not “advmod.” We therefore took advantage of this 
approach to extract all verbs and their dependents/arguments 
from speech samples, without manual annotations. The parser 
is, however, not able to mark missing or incorrect arguments, 
so we did not focus on errors in this study. 

In addition, to understand whether a verb’s  argument
structure affects its use, verbs need to be characterized in 
their standard argument structure. While this is straightfor-
ward for some verbs with obligatory arguments, in many 
cases the use of verbs is more flexible than assumed by cate-
gorical accounts (Perek, 2015). For example, the verb “to 
run” is usually described as an intransitive verb that takes 
one argument, as when it refers to a running action carried 
out by a single agent. However, “run” can  be  used  in
phrasal constructions or transitively to refer to more abstract 
or metaphorical actions, such as “running an analysis” or 
“running out of salt.” This flexibility is not problematic in 
picture descriptions, where a clear semantic use associated 
with a specific argument structure is depicted. For assess-
ments of verb use in spontaneous speech, it is instead useful 
to characterize the variety of verb uses when assessing argu-
ment structure complexity. Therefore, we used dependency 
parsers to code VAS in a large corpus and get a measure of 
argument structure based on general usage that we could use 
as an index of argument structure complexity in the narra-
tive speech production of P WAs.

The Current Study 

We applied a quantitative perspective to argument 
structure characterization and verb use in discourse in
Giglio et al.: Verb Argument Structure in Aphasia 3



aphasia. The general goal was to reduce manual annota-
tions to a minimum to allow for a broad and objective use 
of VAS characterizations, which may ultimately contribute 
to clinically applicable tools for the automated assessment 
of language samples. The automated characterization of 
VAS was also needed to ensure as many verbs as possible 
were coded, allowing for reliable measures of verb charac-
teristics, including for infrequent verbs. The automated 
characterization of VAS additionally allowed for a quanti-
tative perspective on verb use, which can more flexibly cap-
ture patterns of verb use by healthy controls, independently 
from rigid categorizations of grammatical use.

In addition to an automated quantification of VAS 
characteristics, we aimed to quantify VAS use in discourse 
in aphasia automatically using dependency parsers. Since 
dependency parsers are subject to errors and this method 
has not been used before, to our knowledge, we validated 
the approach by comparing our automatically derived 
measures of VAS with manual annotations. We then used 
these VAS characteristics in a new data set and asked 
whether the verb characteristics developed here and 
extracted from a large corpus, rather than manually, are 
similarly appropriate to characterize verb choice in PWAs. 
We focused on two analyses of interest. First, we asked 
whether measures of VAS complexity affect verb choice in 
aphasia. Malyutina et al. (2016) found that speakers with 
Broca’s aphasia deviated from other aphasia types in their 
use of transitive verbs. While all other groups used more 
intransitive than transitive verbs, speakers with Broca’s 
aphasia used similar numbers of transitive and intransitive 
verbs. Speakers with anomia and Wernicke’s aphasia were 
instead found to use verbs with more subcategorization 
options more frequently than controls. The results of this 
analysis therefore suggested that verbs with more complex 
representations—be it transitivity or subcategorization 
options—were equally, if not more, accessible than less 
complex verbs for PWAs. 

The second question focused on verb use. The previ-
ous results indicated that speakers with Wernicke’s, Broca’s, 
and conduction aphasia used fewer arguments than controls. 
Speakers with Broca’s aphasia also used less diverse con-
structions than controls. Because of the limited feasibility of 
manually annotating all verbs, Malyutina et al. (2016) lim-
ited this analysis to 30 verbs with a low number of SOs and 
30 verbs with a high number of SOs. By contrast, here we 
were able to run this analysis on all verbs used. Finally, 
Malyutina et al. also tested inflection accuracy, argument-
type accuracy, and argument-number accuracy. We were not 
able to replicate these three accuracy analyses, since they 
required manual annotation. 

We ran these analyses on a data set that included 
additional information on participants, compared to the 
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previously used data set from AphasiaBank (MacWhinney 
et al., 2011), including whether they were agrammatic or 
presented with no grammatical deficits. In addition to 
relying on Western Aphasia Battery–Revised (WAB-R) 
aphasia classifications (Kertesz, 2006), as done by Malyutina 
et al. (2016), we clustered participants based on their 
grammatical profile. In fact, although VAS impairments 
have been hypothesized to be present in agrammatism 
specifically (Thompson, 2003), they have often been stud-
ied in participants with more general nonfluent aphasia or 
Broca’s aphasia, which are then taken as proxies for gram-
matical problems (Gerona et al., 2024; Malyutina et al., 
2016; Nedergaard et al., 2020; Zhang & Hinzen, 2022). 
Here, we asked whether a focus on participants with agram-
matism specifically, instead of broad aphasia categorizations, 
could highlight different patterns of verb use that may be 
lost by the focus on Broca’s aphasia. We additionally com-
pared agrammatic to nonagrammatic participants and con-
trols to have a full picture of the types of impairments across 
groups while controlling for severity (Faroqi-Shah, 2023). 
Finally, we investigated whether VAS production is affected 
by additional dimensions of neurogenic impairments, such as 
fluency, apraxia of speech, and dysarthria. 

Therefore, the current study had several aims. First, 
we aimed to develop usage-based measures of VAS char-
acteristics using dependency parsers, leading to the crea-
tion of a VerbBank. Second, we aimed to validate the 
VerbBank measures and the quantification of VAS in 
aphasia using dependency parsers. We compared the 
VerbBank measures and the argument structure measures 
with previously manually annotated ones from a study by 
Malyutina et al. (2016). Third, we aimed to take advan-
tage of these measures to further investigate VAS in apha-
sia in a new data set, which included a classification for 
the presence of agrammatism, which was absent in the 
previous study. We asked whether VAS impairments were 
specific to agrammatism or present across grammatical 
and aphasia-type distinctions. 
Materials and Method 

Participants 

Participants were recruited as part of the Predicting 
Outcomes of Language Rehabilitation in Aphasia study 
(Kristinsson et al., 2021, 2023). Participants were eligible 
for recruitment if they were between 21 and 80 years old, 
if they had chronic aphasia (> 12 months poststroke) due 
to left-hemisphere stroke, were speakers of English as their 
primary language for over 20 years, were willing and able 
to provide informed consent, and were able to undergo 
magnetic resonance imaging scanning. Participants were



excluded if they had severely limited speech output as 
defined by the WAB-R (Spontaneous Speech score of 0–1) 
or severely limited auditory comprehension (WAB-R 
Auditory Comprehension score of 0–1). The study was 
carried out at the University of South Carolina and the 
Medical University of South Carolina, and the study pro-
cedures were approved by the institutional review board 
(IRB) at both universities (IRB Approval Nos. 00053559 
and 00058579, respectively). Participants provided informed 
consent to participate in the study. Participants who scored 
93.8 and higher in the WAB-R assessment (“not aphasic” 
by WAB-R [NABW]) were also included in this study, 
although they were considered control participants in the 
overall study and did not undergo language therapy. We 
included a total of 106 participants who had baseline dis-
course assessments (specifically Cinderella) available (see 
Table 1 for demographics and clinical characteristics). We 
additionally included control participants who did not have 
a stroke from AphasiaBank. We used 263 control partici-
pants available on AphasiaBank in March 2024. 

Agrammatism Coding and 
Aphasia Covariates 

Participants were coded as agrammatic by one of the 
authors with over 25 years of experience in aphasia and lin-
guistics research (D.B.d.O.). Participants were classified as 
agrammatic if their speech in Cinderella was characterized 
by morphosyntactic omissions and reduced sentence com-
plexity (see Table 2). Some participants were additionally 
marked as “undetermined” if their speech output was too 
limited or too affected by motor speech problems for a 
confident categorization. We included this “undetermined” 
group in our analysis to understand whether there was 
some cutoff in the verb variables we used, under which par-
ticipants had severely limited speech (note that the total 
number of words itself may not be indicative, as the repeti-
tion of the same word sequence may result in a relatively 
high number of words but low input for assessment). Par-
ticipants with agrammatism had lower mean length of 
Table 1. Participant demographics by aphasia types defined by the West

Aphasia type n 
Female 
n (%) 

Age in years 
M (range) 

Control 263 139 (52.9) 55.54 (18–89)

Anomia 29 13 (44.8) 59.4 (35–76) 85

Broca’s 33 11 (33.3) 60.6 (37–80) 49

Conduction 15 10 (66.6) 63 (29–78)

Global 4 1 (25) 58.7 (49–67) 27

NABW 17 10 (58.8) 59.6 (42–78) 97

Transcortical motor 1 0 60

Wernicke’s 7 2 (28.6) 64.4 (57–71) 40

Note. AQ = Aphasia Quotient; AOS = apraxia of speech; NABW = not a
utterance in words (t =  5.5,  df =  35.6,  p < .001) and in 
morphemes (t =  5.5,  df = 37.6, p < .001), as well as fewer 
verbs per utterance (t =  4.9,  df = 24.8, p < .001) than nona-
grammatic participants (for averages per group, see Table 2).

During baseline assessments, participants were addi-
tionally characterized in fluency (based on the WAB-R, 
with Fluency scores below 5 considered as nonfluent), 
apraxia, and dysarthria (binary, either with or without 
apraxia and dysarthria, respectively). Apraxia and dysar-
thria were assessed using the Apraxia of Speech Rating 
Scale (Strand et al., 2014). 

Discourse Procedure 

Participants took part in baseline neuroimaging, 
medical, cognitive, and linguistic assessments. They then 
took part in speech-language treatment, which is unrelated 
to the purposes of the current study. Baseline linguistic 
assessments included discourse production. Here, we 
focused on the Cinderella narrative. The protocol from 
AphasiaBank was used for elicitation. Participants were 
reminded of the major events in the story by looking at a 
picture book without words. They were then asked to 
retell the events without the picture support while being 
recorded for later transcription. The speech samples were 
then transcribed by trained graduate research assistants 
following CHAT guidelines. Transcriptions included divi-
sion in utterances, marking of fillers, repairs, repetitions, 
and lexical errors. Assessment of intrarater and interrater 
reliabilities was completed using intraclass correlation 
coefficients on 10% of the discourse samples and was 
rated good/excellent on all discourse measures. 
Linguistic Annotations 

VerbBank 
First, we made a database of verb use from a large 

corpus (Corpus of Contemporary American English; 
see supplementary information on the OSF, VerbBank
ern Aphasia Battery–Revised (WAB-R). 

WAB-R AQ 
M (range) 

Agrammatic 
n (%) 

AOS 
n (%) 

Dysarthria 
n (%) 

n/a n/a n/a n/a 

.7 (71–93.1) 1 (3.4) 10 (34.5) 5 (17.2) 

.8 (22.1–74) 13 (39.4) 24 (72.7) 11 (33.3) 

66 (39.8–88) 2 (13.3) 7 (46.7) 3 (20) 

.8 (25.2–31.3) 0 3 (75) 1 (25) 

.4 (94.4–100) 0 3 (17.6) 5 (29.4) 

78.2 0 0 0 

.9 (29.8–67.8) 0 1 (14.3) 2 (28.6) 

phasic by WAB-R. 

Giglio et al.: Verb Argument Structure in Aphasia 5



Table 2. Participant demographics by grammatical classification. 

Grammatical classification Agrammatic Not agrammatic Undetermined 

n 16 58 13 

Female, n (%) 5 (31) 29 (50) 3 (23) 

Age in years, M (range) 55.8 (29–76) 61.7 (35–80) 61.5 (46–77) 

WAB-R AQ, M (range) 57.5 (40.6–82.3) 70.4 (25.3–93.1) 36.8 (22.1–71.4) 

Fluency, n (%) 3 (18.7) 45 (77.6) 2 (15.4) 

AOS, n (%) 9 (56.3) 27 (46.6) 9 (69.2) 

Dysarthria, n (%) 1 (6.3) 13 (22.4) 7 (53.9) 

MLU_Words, M ± SEM 4.8 ± 0.4 7.5 ± 0.3 3.2 ± 0.4 

MLU_Morphemes, M ± SEM 5.3 ± 0.4 8.3 ± 0.4 3.5 ± 0.4 

VpU, M ± SEM 0.7 ± 0.1 1.3 ± 0.05 0.5 ± 0.1 

Note. n = number of participants classified as fluent (Fluency), with apraxia of speech (AOS), or dysarthria; WAB-R AQ = Western Aphasia 
Battery–Revised Aphasia Quotient; MLU_Words = mean length of utterance in words; SEM = standard error of the mean; MLU_Morphemes = 
mean length of utterance in morphemes; VpU = verbs per utterance. 
Appendix, for details). This bank was created automat-
ically using Python (i.e., with limited manual input, all 
steps mentioned were scripted to be run automatically 
in Python or Java). By not relying on manual annota-
tions, we could base the VerbBank on very large texts, 
increasing its reliability. We used CoreNLP’s  depen-
dency parser (Version 4.5.6; Chen & Manning, 2014; 
Manning et al., 2014) to establish dependency relations 
as an index of argument structure. For the purposes of 
this analysis, we focused on dependency relations that 
could indicate an argument relation (see Table 3). 
Oblique relations are used for prepositionally marked 
nouns, pronouns, and noun phrases functioning as 
noncore arguments and adjuncts. Examples of argu-
ments marked by obliques are the prepositional dative 
(e.g., “he gives the book to the girl”) and the agent of 
a passive verb (“the cat was chased by the dog”). 
Although obliques often reflect an adjunct relation, we 
chose to include them in this first part of the analysis, 
since they can be arguments to some verbs (there is no 
way to distinguish arguments from adjuncts with the 
names of these dependency relations).

We scanned each sentence for the presence of verbs. 
For each verb, we looked for dependency relations among 
the ones listed in Table 3. This gave us a list of all the 
verbs used in the text and all their dependency relations of 
interest. We then summarized the information available 
into the following variables (see supplementary informa-
tion, VerbBank Appendix, for more details): 

1. Times_used: number of times each verb was used in 
the data set (verb frequency in the corpus) 

2. MeanArgs: average number of arguments associated 
with each instance of verb use (a measure of verb 
valency that is influenced by argument optionality) 
•6 Journal of Speech, Language, and Hearing Research 1–20
3. SO: a proxy for subcategorization options, by count-
ing all the different patterns of argument use, for 
example, “he asks a question”: [subj obj], “he asked 
her to leave”: [subj iobj xcomp], “he asked her for 
help”: [subj iobj obl], “he asked a question to her”: 
[subj obj obl]. These are four subcategorization 
options for the verb “ask.” These subcategorization 
options measure both the number of argument con-
figurations (also called “valency frames”) and the 
number of syntactic subcategorization options (or 
strict subcategorizations; cf. Malyutina & den Ouden, 
2017; Shapiro & Levine, 1990). 

For both MeanArgs and SO, we computed two vari-
ables: one including obliques and the other excluding obli-
ques. We also included baseline variables for each verb: log 
frequency from SUBTLEX-US, concreteness (Brysbaert 
et al., 2014), and phoneme length (Coltheart, 1981). The cor-
relations between all these variables can be seen in Figure 2. 
To illustrate, data for verbs with the highest frequency 
and median frequency in the VerbBank are presented in 
Table S1. The VerbBank is freely available to download 
on the Open Science Framework (https://doi.org/10.17605/ 
OSF.IO/9ESKJ). 

Argument Structure in Cinderella 
We preprocessed the Cinderella narratives from all 

participants, which had been transcribed using CHAT 
guidelines (MacWhinney, 2000). Using code, we excluded 
all CHAT-specific transcription (e.g., error types), and we 
replaced errors with their target (when available) to facili-
tate dependency parsing, since this analysis was deliberately 
independent of paraphasias. We also excluded repetitions 
and repairs (only keeping the target) and excluded dis-
course markers, such as “I  mean” and “you know,” when 
they were marked as such. We then ran the dependency

http://dx.doi.org/10.17605/OSF.IO/9ESKJ
http://dx.doi.org/10.17605/OSF.IO/9ESKJ


Table 3. Dependency relations extracted from the output of the dependency parser to identify verb argument structure. 

Dependency relation Argument Coded as Example sentence 

nsubj Noun subject subject The boy hugs the girl. 

nsubj:pass Noun subject in a passive construction subject The girl was given a book by the boy. 

nsubj:xsubj Subject of an xcomp subject He wanted her to leave. 

csubj Clausal subject subject That he was quiet annoyed Mary. 

obj Object object The boy hugs the girl. 

ccomp Clausal complement object clause He thought that she was right. 

xcomp Open clausal complement object clause He wanted her to leave. 

iobj Indirect object indirect object The boy gave her the book. 

obl Indirect argument/adjunct oblique He put the book on the table//He read on the couch. 

Note. The words in italics in the example sentences refer to the argument for that type of dependency relation. 
parser, obtaining a list of tokens (words) and dependents 
for each sentence (see supplementary information, VerbBank 
Appendix, Dependency Parser for more details). 

The approach to measure VAS was then the same 
as for VerbBank. For every verb identified in a sentence, 
Figure 2. Correlation matrix for all the verb variables extracted from the c
and concreteness values used in the analysis (all marked with “.bank”), a
(“.manual”). logfreq = log frequency; phonlen = phoneme length; Mean
obl = oblique; SO = a proxy for subcategorization options.
we looked for dependents with one of the relations listed 
in Table 3 and saved which dependency relations were 
used for each instance of verb use, excluding auxiliaries 
and “be” in all cases. This gave us a list of all verbs used 
by each participant to narrate Cinderella, together with 
the arguments used in each case. For each of the verbs
orpus using the dependency parser and baseline length, frequency 
nd values used by Malyutina et al. (2016) and annotated manually 
Args = average number of arguments associated with each verb; 
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used, in addition to the arguments that were used in each 
specific case, we included the VAS characteristics obtained 
with VerbBank.

Approach Validation 

To validate the VAS characteristics from VerbBank, 
as well as the ability of the parser to capture argument 
structure relations in discourse, we ran two analyses. First, 
we asked how similar the VerbBank VAS characteristics 
(MeanArgs and SOs) were to the original manual annota-
tions from the previous study (Malyutina et al., 2016). 
Second, we tested the accuracy of the parser in isolating 
the number of arguments produced in spontaneous 
speech. For a replication of the original results with the 
automatically annotated VAS measures, see supplemen-
tary information, Replication Appendix (Figures S1–S3 
and Tables S3–S5). In short, the automatic approach 
captured differences between controls and aphasia types 
similar to the original manually annotated results. 

VerbBank Measures Validation 
We compared the VerbBank MeanArgs and SO 

values with manual annotations available for verbs ana-
lyzed in a previous study (Malyutina et al., 2016). Corre-
lations and distributions for automatic and manually 
annotated variables can be seen in Figures 2 and 3. We 
coded for transitivity in VerbBank by marking as intransi-
tive verbs that were never used with obj, ccomp, or 
xcomp. This resulted in 24 verbs (vs. 101 in Malyutina, 
out of 485 verbs that had been manually annotated). 
Therefore, the parser was more likely to assign an object 
to a verb than a human coder. While this difference may 
indicate parser errors, it may also highlight cases where a 
verb is generally considered to be intransitive, while it can, 
in fact, also be used transitively (e.g., “run (a meeting/a 
race)”). Intransitive verbs according to VerbBank were nev-
ertheless the ones used with fewer arguments (see Figure 3, 
small circles). Verbs coded as intransitive by Malyutina 
et al. (2016) were used with fewer arguments (MeanArgs), 
on average, than transitive verbs (see Figure 3; with obli-
ques: transitive MeanArgs = 1.61 ± 0.015, intransitive 
MeanArgs = 1.42 ± 0.045, t(24) = 6.1, p <  .0001;  without
obliques: transitive MeanArgs = 1.27 ± 0.016, intransitive 
MeanArgs = 1.04 ± 0.039, t(25) = 8.5, p < .0001). There-
fore, verbs that were originally manually annotated as 
being (obligatorily) intransitive were used, on average, with 
fewer arguments than verbs manually annotated as (option-
ally) transitiv e.

The automatic annotation approach found more 
subcategorization options (ranging from 1 to 37) than the 
manual approach (ranging from 1 to 8). This difference 
was likely due to the automatic approach being fully 
•8 Journal of Speech, Language, and Hearing Research 1–20
quantitative, marking all different cases of verb use, 
including, for example, missing subjects (e.g., in coordi-
nated sentences). The manual approach, instead, was cate-
gorical, defining subcategorization options based on dictio-
nary entries, without considering virtually all ways verbs 
are used. While not perfectly aligned, the two subcategori-
zation option measures were similar between the two verb 
banks, especially with obliques being considered. The corre-
lation between the measures was above 0.5 (see Figure 2; 
with obliques, r =  .59,  t =  16,  p < .0001; without obliques, 
r = .57, t =  15,  p < .0001). A linear regression showed that 
manual SOs significantly predicted VerbBank SOs (see 
Figure 3; with obliques: β = 2.21, SE = 0.14, p < .001; 
without obliques: β =  1.26,  SE = 0.08, p < .001). Therefore, 
while not identical, the manually annotated and dependency-
annotated verb banks were broa dly aligned.

Parser Accuracy 
We checked whether the parser was able to isolate 

the arguments produced in spontaneous speech and espe-
cially aphasic speech appropriately. We randomly extracted 
one verb per participant, leading to 369 verbs. The number 
of arguments that would be expected with a correct depen-
dency parse for each of these sentences was manually anno-
tated. We then ran an intraclass correlation coefficient 
analysis between the manually annotated number of argu-
ments and the automatic annotation, which led to an intra-
class correlation coefficient of .81 (good reliability). 

Data Analysis 

We ran the following analyses: verb production 
(assessed with verb tokens, verb types, and verb type– 
token ratio [TTR]), verb choice (assessed by the impact of 
MeanArgs and SOs on verb selection), number of argu-
ments produced, and number of subcategorization options 
produced (see Table 4 for an overview of the analyses and 
their results). All of the analyses followed the same struc-
ture. First, participants with aphasia were compared to 
controls for each dependent variable of interest. In this 
analysis, participants with aphasia were classified accord-
ing to WAB-R aphasia types (using treatment contrast 
coding comparing controls against each aphasia type). 
Second, participants classified by grammatical deficits 
were compared to controls (using treatment contrast cod-
ing comparing controls to “not agrammatic,”  “agram-
matic,” and “undetermined” participants, while NABW 
participants were excluded from this analysis). The single 
participant with transcortical motor aphasia was excluded 
from the aphasia type analysis but included in the gram-
matical deficit analysis. Third, for each variable of inter-
est, an additional analysis was run on PWAs only to 
understand whether agrammatic participants differed from 
nonagrammatic participants after controlling for baseline



Figure 3. (Left panel) MeanArgs (y-axis, violin plot) from VerbBank for verbs coded manually either as transitive or intransitive by Malyutina et al. 
(2016) on the x-axis. Intransitive verbs are used with fewer arguments than in transitive verbs on average. The color indicates whether MeanArgs 
includes obliques or not. The shape of the points indicates whether each verb was intransitive or transitive according to VerbBank. (Right panel) 
Subcategorization options coded manually by Malyutina et al. (2016) versus automatic annotation in VerbBank. MeanArgs = average number of 
arguments associated with each verb; SO = a proxy for subcategorization options. 
predictors. This analysis grouped participants by grammat-
ical deficits and included aphasia severity (WAB-R Aphasia 
Quotient [AQ]), fluency, apraxia of speech, and dysarthria 
as covariates. Note that the addition of these aphasia-
specific covariates was not possible in the models compar-
ing PWAs with controls, since not all of these variables 
had a value for controls. Assigning an arbitrary value to 
controls would increase the collinearity of the models, since 
all covariates would align with the aphasia group classifica-
tion (as controls would not vary on these covariates). For all 
analyses, we report the statistics for the main effects and 
interaction in text using F scores or chi-square, depending on 
the analysis, while specific model results and group compari-
sons are reported in tables in supplementary information. 

Verb Use Analysis 
First, we assessed general measures of verb produc-

tion to understand overall verb use before focusing on 
argument structure. Participants were assessed on the 
number of verb tokens they spoke, the number of verb 
types they used, and the verb TTR, using linear regression 
in R. Verbs were extracted from the linguistic annotations 
of the dependency parser. 

Verb Choice Analysis 
Next, we determined whether verb characteristics 

affected the likelihood of a verb being used by partici-
pants. We ran this analysis using logistic mixed-effects 
models (glmer, from lme4 Version 1.1-35.2; D. Bates 
et al., 2015). We used a logistic model, instead of the lin-
ear lmer model run in the previous study (Malyutina 
et al., 2016), because we were primarily interested in what 
factors drove the selection of verbs rather than how many 
times each verb was used (which would be modeled with 
linear models). We selected all verbs used by at least three 
participants (to facilitate convergence), leading to 255 
verbs used in the analysis. We then marked each verb as 
being used or not used by each participant. The logistic 
model then predicted the probability of use of each verb 
based on verb concreteness, phoneme length, verb fre-
quency, MeanArgs, SO (with obliques, normalized to help 
convergence), and percentage of oblique use. Model col-
linearity checks with variance inflation factors resulted in 
values below 5, indicating low collinearity between factors. 
We additionally included interactions between frequency, 
MeanArgs, SO, and obliques with the aphasia group 
(WAB-R aphasia type in one analysis, grammatical types 
in another analysis). We included by-participant and by-
verb random effects. Factor significance was determined 
using R package car (Version 3.1-2; Fox et al., 2021). Post 
hoc comparisons were run using emmeans (Version 1.10-1; 
Lenth et al., 2022) and interactions (Version 1.1.5; Long, 
2024). We did not run this analysis with aphasia covari-
ates, as the model had too many convergence issues. 

Argument Structure Analysis 
Next, we assessed the argument structure produced 

by participants. We compared how many arguments were 
used for each verb across the aphasia groups. We counted 
the arguments produced for each verb (i.e., one value, 
number of arguments, for each verb produced by each 
participant), excluding obliques, since they may measure 
adjuncts rather than arguments, and compared use with 
linear mixed-effects models (lmer in lme4), predicting the 
number of arguments, with aphasia group, verb frequency, 
MeanArgs associated with each verb, concreteness, and length 
as fixed factors. We additionally included by-participant 
and by-verb random factors.
Giglio et al.: Verb Argument Structure in Aphasia 9



(table continues)

•

Table 4. Summary of the analyses and results reported. 

Variable Analysis Significant effects 

Verb tokens lm(tokens ~ aphasia_type) Anomia < controls 
Broca’s < controls 
Conduction < controls 
Global < controls 
NABW < controls 
Wernicke’s < controls 

lm(tokens ~ gramm_group) Agramm < controls 
Non-agramm < controls 
Undetermined < controls 

lm(tokens ~ gramm_group + AQ + fluency + 
AOS + dysarthria) 

Fluency 

Verb types lm(types ~ aphasia_type) Anomia < controls 
Broca’s < controls 
Conduction < controls 
Global < controls 
NABW < controls 
Wernicke’s < controls 

lm(types ~ gramm_group) Agramm < controls 
Non-agramm < controls 
Undetermined < controls 

lm(types ~ gramm_group + AQ + fluency + 
AOS + dysarthria) 

Undetermined < non-agramm 
Fluency 

Verb TTR lm(TTR ~ aphasia_type) Broca’s > controls 

lm(TTR ~ gramm_group) Undetermined > controls 

lm(TTR ~ gramm_group + AQ + fluency + 
AOS + dysarthria) 

n.s. 

Verb choice glmer(verb_binary ~ phonlength + 
concreteness + logfrequency * aphasiatype 
+ MeanArgs * aphasiatype + SOs * 
aphasiatype + Obl * aphasiatype + 
(1|lemma) + (1|s)) 

MeanArgs: Broca’s < controls 
MeanArgs: global < controls 
SOs: global > controls 
Obl: Broca’s < controls 
Obl: conduction < controls 
Obl: global < controls 
Frequency: anomia > controls 
Frequency: Broca’s > controls 
Frequency: conduction > controls 
Frequency: Wernicke’s > controls 

glmer(verb_binary ~ phonlength + 
concreteness + logfrequency * 
grammgroup + MeanArgs * grammgroup + 
SOs * grammgroup + Obl * grammgroup + 
(1 | lemma) + (1 | s)) 

MeanArgs: agramm < controls 
MeanArgs: undetermined < controls 
SO: undetermined > controls 
Obl: agramm < controls 
Obl: undetermined < controls 
Frequency: non-agramm > controls 
Frequency: undetermined > controls 

glmer(verb_binary ~ phonlength + 
concreteness + logfrequency * 
grammgroup + MeanArgs * grammgroup + 
SOs * grammgroup + Obl * grammgroup + 
AQ + fluency + AOS + dysarhtria + (1 | 
lemma) + (1 | s)) 

Did not converge 

Number of arguments produced lmer(n_args ~ aphasiatype + logfrequency + 
concrenetess + phonlength + MeanArgs + 
(1 | lemma) + (1 | s)) 

Broca’s < controls 
Concreteness 
MeanArgs 

lmer(n_args ~ grammgroup + logfrequency + 
concrenetess + phonlength + MeanArgs + 
(1 | lemma) + (1 | s)) 

Agramm < controls 
Undetermined < controls 
Concreteness 
MeanArgs 

lmer(n_args ~ grammgroup + logfrequency + 
concrenetess + phonlength + MeanArgs + 
AQ + fluency + AOS + dysarthria + 
(1 | lemma) + (1 | s)) 

Agramm < non-agramm 
Fluency 
MeanArgs
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Table 4. (Continued).

Variable Analysis Significant effects 

SOs produced lm(n_SO ~ aphasiatype + tokens + phonlength 
+ logfrequency + concreteness + MeanSO) 

Broca’s < controls 
Conduction < controls 
Global < controls 

lm(n_SO ~ grammgroup + tokens + 
phonlength + logfrequency + concreteness 
+ MeanSO) 

Agramm < controls 
Non-agramm < controls 
Undetermined < controls 

lm(n_SO ~ grammgroup + tokens + 
phonlength + logfrequency + concreteness 
+ MeanSO + AQ + fluency + AOS + 
dysarthria) 

Undetermined < non-agramm 

Note. For each variable of interest, the model used together with predictors is shown, as well as the significant effects, the details of which 
can be found in relative supplementary tables. For the first two models of each variable, the reference level is the control group; for the third 
model, including aphasia covariates, the reference level is the nonagrammatic group. lm = linear regression; NABW = “not aphasic” by West-
ern Aphasia Battery–Revised; AQ = Aphasia Quotient; AOS = apraxia of speech; TTR = type–token ratio; glmer = logistic linear mixed-
effects model; lmer = linear mixed-effects model; MeanArgs = average number of arguments associated with each verb; SO = a proxy for 
subcategorization options; obl = oblique; n.s. = not significant. 
We also assessed subcategorization options pro-
duced. We counted how many different configurations of 
arguments were used in total across verbs by each partici-
pant, leading to one value (total number of subcategoriza-
tion options produced) per participant. We then ran linear 
regression to predict the total number of subcategorization 
options produced, with aphasia group, verb frequency, 
length and concreteness, average number of SOs for the 
verbs used by each participant, and number of verbs used 
by each participant as predictors. We included this last 
variable, as the number of subcategorization options was 
necessarily bounded by how many verbs were used. 
 

Results 

Verb Use 

The average verb tokens, types, and TTR for each 
aphasia type and grammatical group are presented in 
Figure 4 (see Supplemental Tables S6–S8 for statistical 
results). The analysis by aphasia types revealed that all 
aphasia types produced significantly fewer verb types and 
tokens than controls, including NABW (tokens: F(6) = 15.7, 
p < .001; types: F(6) = 33.9, p < .001). Verb TTR instead 
differed  only  in  participants  with  Broca’s aphasia and was 
marginally significant in global aphasia and NABW relative 
to controls, F(6) = 2.8, p < .012. Importantly, these groups 
had higher verb TTR than controls, confirming that higher 
TTR is not always indicative of “better” performance, as 
noted in previous work as well (Fergadiotis et al., 2013).

Grammatical group (controls, agrammatic, not 
agrammatic, undetermined) was a significant predictor of 
verb tokens, types, and TTR (tokens: F(3) = 28.4, p < .001; 
types, F(3) = 62.5, p < .001; TTR, F(3) = 3.9, p <  .009).
All aphasic groups produced overall fewer verb tokens an d
types than controls (ps < .0001). With respect to lexical 
diversity, only undetermined participants significantly dif-
fered from controls, showing a higher verb TTR (p <  .002)  .

We ran a follow-up linear regression to understand 
whether AQ, fluency, apraxia, and dysarthria were signifi-
cant predictors of produced verb types and tokens among 
the PWAs. Fluency was a significant predictor of verb 
types, F(1) = 9.3, p < .004, with more verb types produced 
by fluent participants than nonfluent participants. There 
was a significant difference between nonagrammatic and 
undetermined participants in verb types (p = .035). Fluency 
was also a significant predictor of verb tokens, F(1) = 4.8, 
p < .03. While agrammatic and undetermined participants 
numerically produced fewer verb tokens than nonagram-
matic participants, this difference was not significant after 
controlling for confounding variables (AQ, fluency, apraxia, 
and dysarthria). No variables specific to aphasia significantly 
predicted verb TTR (except for a marginally significant 
effect for AQ, F(1) = 2.9, p = .088). 

Verb Choice 

Next, we assessed whether the choice of verbs by 
controls and participants with aphasia was affected by the 
argument structure characteristics of verbs. First, we asked 
whether there were differences between participants cate-
gorized by WAB-R aphasia types and controls (see Figure 5 
and Table S9). We found a main effect of frequency, sug-
gesting that more frequent verbs were more likely to be 
selected (χ2 =  53.6,  p < .0001), and a main effect of SO 
(χ2 =  4.8,  p < .03), also showing a general tendency to select 
verbs with more SOs. There were also interactions between 
frequency and aphasia type (χ2 = 52.5, p < .0001), MeanArgs 
and aphasia type (χ2 =  25.1,  p < .0004), SO and aphasia 
type (χ2 = 14.4, p < .026), and obliques and aphasia type 
(χ2 = 63.7, p < .0001). Participants with anomia, Broca’s
Giglio et al.: Verb Argument Structure in Aphasia 11



Figure 4. Verb types, tokens, and type–token ratio (TTR) for each participant (shown in individual points) and for each aphasia type (top) and 
grammatical group (bottom). Bars indicate group mean for variables indicated by gray bar on top, with error bars indicating standard error of 
the mean. In WAB-R aphasia types, comparisons were tested only between types and controls. In grammatical groups, comparisons were 
tested between groups and controls and separately between agrammatic (Agramm)/undetermined and nonagrammatic (Not_agramm) partici-
pants after controlling for aphasia covariates. *p < .05, ■p < .01. WAB-R = Western Aphasia Battery–Revised; NABW = “not aphasic” by 
WAB-R. 
aphasia, conduction aphasia, and Wernicke’s aphasia were 
more sensitive to verb frequency than controls, as they were 
more likely to select more frequent verbs than less frequent 
verbs relative to controls (ps < .006). Participants with Bro-
ca’s and global aphasia were relatively more likely to select 
verbs with fewer arguments (MeanArgs) than controls (ps 
< .004), who were not strongly affected by MeanArgs in 
their verb selection. Participants with global aphasia 
were more sensitive to SO than controls, as they were 
more likely to select verbs with more SOs (p < .002). 
Finally, the percentage of oblique use for each verb was 
not a strong predictor of verb selection overall, but par-
ticipants with Broca’s, conduction, and global aphasia 
were more likely to select verbs that are used with fewer 
obliques relative to controls (ps  <  .04  ).

We then also investigated differences between controls 
and participants categorized by their grammatical deficits 
(i.e., agrammatic, not agrammatic, or undetermined). There 
was again a significant main effect of frequency (χ2 = 64.8, 
p < .0001; see Figure 6 and Table S10). There was also a 
significant main effect of SO (χ2 =  7.7,  p < .006), since verbs 
with more subcategorization options were more likely to be 
selected overall. Frequency (χ2 = 49.4, p < .0001), MeanArgs 
(χ2 = 30.5, p < .0001), SO (χ2 =  9.2,  p < .027), and obliqu es
•12 Journal of Speech, Language, and Hearing Research 1–20
(χ2 =  59.0,  p < .0001) also significantly interacted with 
grammatical group. Participants with no grammatical defi-
cits and undetermined participants were more sensitive to 
frequency than controls (ps < .003), meaning that they had 
an even stronger preference for high-frequency verbs than 
controls, while participants with agrammatism did not sig-
nificantly differ from controls. The number of MeanArgs a 
verb is associated with did not affect the likelihood of a 
verb being selected by controls, but agrammatic and unde-
termined participants had a stronger preference for verbs 
with fewer arguments over verbs with more arguments rela-
tive to controls (ps < .001). Undetermined participants also 
had a stronger preference for verbs with more SOs than 
controls (p < .006). Control participants were not strongly 
influenced by the usage ratio of obliques per verb, while 
agrammatic and undetermined participants were less likely 
to choose verbs often used with obliques than verbs used 
with fewer obliques (ps < .001 ).

Argument Structure Analysis 

We asked whether participants used verb arguments 
in different ways (see Figure 7). We counted the number 
of arguments produced by each participant for each verb 
(excluding obliques and as a consequence prepositional



 

Figure 5. Slopes for the likelihood of verb selection by verb argument structure characteristics in each group. NABW = not aphasic by West-
ern Aphasia Battery–Revised; MeanArgs = average number of arguments associated with each verb; SO = a proxy for subcategorization 
options. 
objects) and asked whether it differed by aphasia type (see 
Table S11). The model revealed that, unsurprisingly, the 
MeanArgs of a verb is a significant predictor of how 
many arguments are produced for each verb (χ2 = 158.5, 
p < .0001). Verb concreteness was also significantly asso-
ciated with the number of arguments produced (χ2 =  9.6,
p < .002), with more arguments produced with less con-
crete verbs. Aphasia type was also a significant predictor 
(χ2 = 25.5, p < .0003), with participants with Broca’s 
aphasia producing significantly fewer arguments than 
controls (p < .00 01).

The analysis on grammatical groups highlighted simi-
lar effects for MeanArgs and concreteness in predicting the 
number of arguments produced (see Table S12) and revealed 
a significant effect of grammatical distinctions (χ2 = 28.1, 
p < .0001), with participants with agrammatism and 
undetermined participants producing significantly fewer 
arguments than controls (p < .03). The follow-up model on 
participants with aphasia including covariates showed that 
fluency was a significant predictor of number of arguments 
produced (χ2 =  5.2,  p < .023; see Table S13), and grammati-
cal group was marginally significant (χ2 =  5.3,  p < .069). 
Participants with agrammatism produced significantly fewer 
arguments than nonagrammatic participants (p = .03 8).

Subcategorization Options 

The number of subcategorization options produced 
by each participant was significantly predicted by the num-
ber of tokens, F(1) = 171.9, p < .0001, marginally by con-
creteness, F(1) = 3.0, p < .085, with more SOs with higher 
concreteness, and aphasia type, F(6) = 2.9, p < .012. Partic-
ipants with Broca’s, conduction, and global aphasia pro-
duced significantly fewer SOs than controls (ps < .05; see 
Figure 7 and Table S14). The grammatical model again 
showed that verb tokens were a significant predictor of SOs 
used (verbs: F(1) = 178.1, p < .0001), as well as gram-
matical group, F(3) = 6.9, p < .0003. All groups pro-
duced significantly fewer SOs than controls (ps  <  .02;
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Figure 6. Slopes for the likelihood of verb selection by each grammatical group based on frequency, MeanArgs and SO, and percentage of 
oblique use for each verb. MeanArgs = average number of arguments associated with each verb; SO = a proxy for subcategorization 
options; Agramm = agrammatic participants; Not_agramm = nonagrammatic participants. 
see Table S15). In a separate model with only PWAs 
and including covariates (Table S16), grammatical 
group was significant, F(2) = 3.3, p = .044, with a sig-
nificant difference between undetermined and nona-
grammatic participants (p < .02). Severity, fluency, 
apraxia, and dysarthria were not significantly related to 
the number of subcategorization options produced. 
Discussion 

In this study, we developed an approach to quantify 
VAS in discourse automatically using dependency parsers, 
which we validated by comparing automatic annotations 
of VAS with manual annotations. We then applied it to a 
new data set to explore VAS impairments across partici-
pants, with a specific focus on agrammatism. We found 
large differences between controls and PWAs in the num-
ber of verbs spoken, in the types of verbs selected, and in 
•14 Journal of Speech, Language, and Hearing Research 1–20
the number and configuration of arguments used. Differ-
ences between controls and PWAs were not specific to one 
aphasia type. VAS characteristics affected verb choice, 
especially in participants with Broca’s and global aphasia 
or, in the analysis on agrammatism, in agrammatic and 
undetermined participants. The number of arguments pro-
duced was lower in Broca’s aphasia or, in the analysis on 
agrammatism, in agrammatic and undetermined partici-
pants. Participants with Broca’s, conduction, and global 
aphasia produced fewer subcategorization options than 
controls, and in the analysis on agrammatism, all groups 
differed from controls. The results of this study, therefore, 
have several implications for VAS production in aphasia 
and for the understanding of grammatical deficits. 

VAS characteristics had an effect on verb selection, 
especially in nonfluent participants, as defined by the 
WAB-R (i.e., Broca’s and global aphasia here). These par-
ticipants were more likely to select verbs with fewer



Figure 7. Argument structure use. (Top) Number of arguments produced by different participants (individual participant means in single 
points) across aphasia groups and grammatical groups (mean and standard error of the mean presented on bar plot). (Middle) Total number 
of subcategorization options used by each participant (across all verbs) in individual points (sized by number of verb types produced). Group 
averages and standard error presented in bars, for aphasia types and grammatical groups. The number of verb tokens produced by each 
participant is visualized with the size of the individual points, indicating that, in most cases, outliers are due to very few verbs being pro-
duced or analyzed. In WAB-R aphasia types, comparisons were tested only between type and controls. In grammatical groups, comparisons 
were tested between groups and controls and separately between agrammatic (agramm)/undetermined and nonagrammatic (not_agramm) 
participants after controlling for aphasia covariates. *p < .05. (Bottom) SOs used by each group (in proportion). The legend indicates which 
arguments were used in each SO (0 for argument absent and 1 for argument used) for the following arguments: subj, obj, iobj, ccomp, 
xcomp, and obl (cf. Table 1 for an explanation of each argument). Notable configurations (highlighted in the plot) are 100000 (just subject), 
100001 (subject and oblique), 110000 (subject and object), and 000000 (no arguments). WAB-R = Western Aphasia Battery–Revised; SO = a 
proxy for subcategorization options; NABW = “not aphasic” by WAB-R.
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arguments and fewer obliques. A similar effect was found 
for agrammatism when categorizing participants by gram-
matical deficits. This finding fits well with the argument 
structure complexity hypothesis, which argues that verbs 
with more complex argument structure are more difficult to 
access (Barbieri et al., 2024; Thompson, 2003). It is also 
possible that nonfluent participants strategically selected 
verbs that require fewer arguments to reduce the amount of 
speech output needed, as well as working memory load 
(Faroqi-Shah, 2023; Fedorenko et al., 2023; Kolk & 
Heeschen, 1990; Kolk & Van Grunsven, 1985). In fact, par-
ticipants with Broca’s aphasia and agrammatic participants 
were also found to produce fewer arguments than controls. 
The elicitation of narrative speech does not force speakers 
to use particularly complex structures, so that representa-
tional deficits cannot be straightforwardly dissociated from 
processing or strategic adaptation deficits with this method.

Therefore, similar effects were found for nonfluent 
participants and agrammatic and undetermined participants 
in the two analyses. In our sample of participants, Broca’s  or
nonfluent aphasia was shown to be an appropriate proxy for 
agrammatism. The only variable in which we saw differences 
between these categorizations of participants was in verb fre-
quency. Participants with agrammatism did not differ from 
controls in their sensitivity to verb frequency, while most other 
groups did differ from controls. This could suggest that par-
ticipants with agrammatism may not have problems with 
accessing verbs, since they seemed to use verbs with similar 
frequency to controls, but may make selections for strategic 
purposes. In any case, there seems to be much variability 
within both participant groups, whether selected by aphasia 
types or by grammatical deficits (as can be seen in the dis-
tribution of individual points in most figures), suggesting 
that Broca’s aphasia and agrammatism are not homoge-
neous syndromes, at least with respect to VAS variables .

In this study, we also decided to include participants 
who were not easily categorized as either agrammatic or 
nonagrammatic (i.e., undetermined). These participants 
are often excluded in studies of grammatical deficits 
(e.g., den Ouden et al., 2019; Matchin et al., 2020). Due 
to the purely quantitative approach of this study, we pre-
ferred including them to understand if their performance 
better resembled agrammatic or nonagrammatic profiles. 
These were most often participants with very limited 
speech output or with much repetition and very limited 
variety of output, making it hard to determine whether 
morphological processing was correct and sentence struc-
ture was affected. Undetermined participants here were 
participants with severe aphasia (36 as average AQ) and 
categorized as having Broca’s  (n = 9), global (n =  2),  and
Wernicke’s  (n = 2) aphasia. The findings in both verb 
choice and argument structure analyses would seem to 
suggest that these participants are impaired in V AS in a
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similar way to agrammatic participants. However, it is 
impossible to know whether this is just a consequence of 
aphasia severity or a true specific impairment in verb 
access or knowledge of argument structure. A more spe-
cific investigation using both production and comprehen-
sion, such as the NAVS, may be able to clarify this ques-
tion (cf. den Ouden et al., 2019) 

It should be noted that, while both undetermined and 
agrammatic participants were significantly different from 
controls in many measures of verb use, they were not consis-
tently different from nonagrammatic participants after con-
trolling for baseline aphasia covariates, such as fluency and 
severity. In fact, agrammatic and undetermined participants 
had, on average, more severe aphasia than nonagrammatic 
participants and were more likely to be nonfluent. Undeter-
mined participants were significantly different from nona-
grammatic participants in the number of verb types and the 
number of subcategorization options produced, while agram-
matic participants differed from nonagrammatic participants 
in the number of arguments produced (numerical differences 
were present for more measures, but they were not signifi-
cant after regressing out confounding variables). Agrammatic 
and undetermined participants also seemed to differ from 
nonagrammatic participants in their sensitivity to MeanArgs 
for verb selection, but note that this analysis was not cor-
rected for confounds due to model convergence issues. 
Therefore, it seems that participants with agrammatism are 
reliably different from other PWAs only in the number of 
arguments they use and perhaps in their verb choice. The 
fact that similar differences were found with undetermined 
participants does raise the question whether participants with 
agrammatism are truly affected in their VAS, relative to 
PWAs, or whether any differences are due to severity and 
production difficulties. 

It is interesting to note that participants with 
Wernicke’s aphasia did not show any clear deficits in 
VAS, as, for most measures, they were not different from 
controls. They were found to have a stronger preference for 
frequent verbs, which is unsurprising as more frequent 
verbs are more accessible, and they produced substantially 
fewer verbs than controls. As can be seen in most figures, 
however, there was substantial variability also within this 
group, potentially due to differences in severity. In previ-
ous work, participants with Wernicke’s aphasia were 
found not only to be insensitive to the argument structure 
properties of verbs, in contrast to controls and partici-
pants with Broca’s aphasia (Shapiro et al., 1993), but also 
to produce errors in argument structure in a similar way 
to participants with Broca’s aphasia in Korean (Sung, 
2016). Therefore, it is possible that, in the current study, 
these participants appeared unimpaired because depen-
dency parsers did not allow for the assessment of accuracy 
in argument production.



A group that did not show as much variability 
was the not-aphasic group by WAB-R. This group was 
included as a case that is usually understudied, due to 
the  very  low  aphasia  severity  that  marks  it  as  “not 
aphasic” (by WAB-R standards), even if it is recognized 
that such stroke survivors may have impactful language 
and communication problems (although less severe than 
other WAB-R aphasia groups), which are undetected by 
standardized assessments. Importantly, while this group 
was not impaired in VAS per se, verb production was 
significantly lower than among controls, suggesting that 
these participants are facing speech or language difficul-
ties, even if less pronounced than the other groups. The 
types of verbs selected were comparable to controls, as 
well as the number of arguments produced. There was a 
trend for higher verb TTR, suggesting that they are less 
likely to repeat verbs than controls. Therefore, partici-
pants with AQ higher than 93.8 are able to access the 
same verbs as controls and use them appropriately, but 
language production may nevertheless constitute a more 
effortful process for them than for control speakers, as 
indicated by the lower number of verbs produced. These 
results mirror previous findings that highlight that this 
group of participants performs better than PWAs but is 
also significantly different from controls in many mea-
sures of connected speech (Dalton & Richardson, 2015; 
Fromm e t al., 2017).

We now turn to how our results compare with 
Malyutina et al.’s (2016) findings. Malyutina et al. found 
that participants with Broca’s aphasia had a reduced 
preference for intransitive verbs relative to controls. How-
ever, our results showed that, compared to controls, partici-
pants with Broca’s and global aphasia had a stronger prefer-
ence for verbs with fewer arguments. Rather than differences 
between data sets, this difference in results may be accounted 
for by the different analysis approaches between the two 
studies, as motivated in the Verb Choice section in the 
Method section (see also supplementary information, Repli-
cation Appendix). The logistic model in the current study 
focused on the likelihood of selecting verbs (and thus asks 
about accessibility more strictly), while the continuous lin-
ear model in the replication asked about the number of 
times verbs were produced (i.e., it was influenced by how 
often verbs were repeated). As a consequence, Malyutina 
et al. suggest that transitive and intransitive verbs are pro-
duced in total (and repeated) similarly by people with 
Broca’s aphasia, but based on our results, intransitive 
verbs are more likely to be selected (irrespective of how 
many times each verb is used). Rerunning the analysis on 
Malyutina et al.’s data with a logistic model reveals the 
same pattern found in the current study (Figure S4 and 
Table S17). Therefore, the results of the two studies align 
when  analyzed  in  the  same  way.  Overall,  the  result  s show
that verbs with fewer arguments are more likely to be 
selected by nonfluent and agrammatic participants, as 
suggested previously by studies finding a retrieval cost 
for verbs with more arguments (Barbieri et al., 2024; 
Cho-Reyes & Thompson, 2012). The number of argu-
ments associated with a verb, therefore, either hinders 
verb retrieval or influences strategic choices to reduce 
processing load (Faroqi-Shah, 2023; Fedorenko et al., 
2023; Thompson, 2003). 

Limitations 

Contrary to most VAS variables extracted with the 
dependency parser, the subcategorization options quantified 
by the parser did not behave as expected. Subcategorization 
options as developed here (both the VerbBank SO measure 
and the subcategorization options measured in the speech 
of participants analyzed here) were strongly influenced by 
the variability of sentence production in discourse and by 
sentence boundary annotations. For example, in many 
cases, a verb would have among its options cases of miss-
ing subject (e.g., a verb used with a direct object but with-
out a subject). This was potentially related to the fact that 
the parser was trained on text. A shared subject in coordi-
nated sentences was not always recognized as the subject of 
the second verb. Gerunds are also often not assigned a sub-
ject. Moreover, in CHAT coding, sentences were often split 
even if the subject of the second utterance was the same as 
the first (making it impossible for the parser to assign a 
subject to the verb since the parser works on sentences indi-
vidually). Importantly, though, this behavior was present in 
both controls and PWAs. Therefore, we preferred to limit 
adjustments to correct for these cases here to retain a real 
measure of the flexibility of argument use. This approach 
helps us understand whether PWAs produced fewer argu-
ments and grammatical subjects in particular by comparing 
them with the control baseline for how often grammatical 
subjects were missing (e.g., Figure 7). However, future stud-
ies may decide to deal with this differently, for example, by 
excluding cases in which a subject is absent (assuming a 
subject is always present even if not explicitly uttered, 
e.g., by coordination) and focusing only on the other argu-
ments (see Table 1 for other dependency relations). 

The decision to keep all of these subcategorization 
options, excluding any manual input, led to a confound that 
subcategorization options were heavily influenced by the 
number of times a verb was used. Subcategorization options 
were therefore highly correlated with verb frequency. Effec-
tively, the high flexibility of the use of some verbs may have 
better reflected verb weight rather than argument structure 
complexity. Verb weight refers to the semantic specificity of 
verbs. Light verbs are very frequent verbs whose meaning 
often depends on the context (e.g., get, do, make). They can
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be used in widely varying constructions, which makes them 
syntactically complex. Heavy verbs, instead, are semantically 
more specific and are used in more stable constructions. Pre-
vious studies found that participants with worse syntactic 
abilities were less likely to use light verbs, while participants 
with semantic deficits were less likely to use heavy verbs 
(Barde et al., 2006; Gordon & Dell, 2003; Rezaii et al., 
2024; Thorne & Faroqi-Shah, 2016). Here, we did not find a 
clear negative relationship between subcategorization options 
and verb selection in participants with agrammatism, but 
global and undetermined participants were more likely to 
select verbs with more subcategorization options, suggesting 
that verbs that are used in varied constructions with less 
specified meaning may be more accessible. 

Overall, the VAS variables developed here via VerbBank 
were able to identify similar patterns of verb choice to 
those of the manual variables annotated by Malyutina 
et al. (2016), as well as some differences. However, all 
measures we developed are not transparently associated 
with traditional measures of argument structure. The most 
relevant limitation of dependency parsers and universal 
dependencies is that they do not mark arguments preceded 
by prepositions in English. MeanArgs indicates how many 
arguments a verb is used with, on average, but it is not 
able to distinguish obligatory and optional arguments. 
There  is  no  consensus,  however,  on  the  relevance  of  argu-
ment optionality for verb complexity (Barbieri et al., 2024; 
Malyutina & den Ouden, 2017). In addition, SOs here seem 
to better reflect verb weight than more strictly intended 
subcategorization options, as discussed in previous studies 
(cf. Malyutina & den Ouden, 2017; Malyutina et al., 2016; 
Shapiro & Levine, 1990). It should also be noted that the 
measures we developed are less reliable for less frequent 
verbs, as we may not have appropriately captured the full 
dimensionality of verb use. Finally, dependency parsers are 
not perfect. They make errors, especially on spontaneous 
speech that is not as clearly organized as written text. We 
do not think potential errors had a large effect on this 
approach, since it is fully quantitative (meaning that some 
errors in argument count may average out). The validation 
of the approach also showed that any parser errors were 
not problematic to capture relevant pattern s in the data.
Conclusions 

Overall, the study presented here shows that VAS 
can be characterized successfully using dependency parsers 
without the need for manual annotations. This approach 
makes it possible to apply even relatively complex argu-
ment structure analyses to any speech production sample 
that is transcribed, which is a step forward in the develop-
ment of clinically applicable automated assessments of 
•18 Journal of Speech, Language, and Hearing Research 1–20
language samples. Using this method, we showed that 
nonfluent participants and, more specifically, agrammatic 
participants are affected by VAS in their verb selection 
and produce fewer arguments than controls and nona-
grammatic participants. VAS, therefore, is a relevant 
dimension on which to characterize higher level language 
impairments in aphasia. 
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