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ABSTRACT

Background: While persons with aphasia (PwA) are often
dichotomised as fluent or nonfluent, agreement that fluency is not
an allor-nothing construct has led to the use of continuous variables
as a way to quantify fluency, such as multi-dimensional rating scales,
speech rate, and utterance length. Though these measures are often
used in research, they provide little information about the
underlying fluency deficit.
Aim: The aim of the study was to identify how well commonly used
continuous measures of fluency capture variability in spontaneous
speech variables at lexical, grammatical, and speech production
levels.
Methods & Procedures: Speech samples of 254 English-speaking
PwA from the AphasiaBank database were analyzed to examine the
distributions of four continuous measures of fluency: the WAB-R
fluency scale, utterance length, retracing, and speech rate. Linear
regression was used to identify spontaneous speech predictors
contributing to each fluency outcome measure.
Outcomes & Results: All the outcome measures reflected the
influence of multiple underlying dimensions, although the predictors
varied. The WAB-R fluency scale, speech rate, and retracing were
influenced by measures of grammatical competence, lexical
retrieval, and speech production, whereas utterance length was
influenced only by measures of grammatical competence and lexical
retrieval. The strongest predictor of WAB-R fluency was aphasia
severity, whereas the strongest predictor for all other fluency proxy
measures was grammatical complexity.
Conclusions: Continuous measures allow a variety of ways to
objectively quantify speech fluency; however, they reflect superficial
manifestations of fluency that may be affected by multiple
underlying deficits. Furthermore, the deficits underlying different
measures vary, which may reduce the reliability of fluency diagnoses.
Capturing these differences at the individual level is critical to
accurate diagnosis and appropriately targeted therapy.

Introduction

What distinguishes fluent speech from nonfluent speech? Fluency, which refers to the ease
and efficiency with which ideas can be formulated into words and sentences, can be disrupted at any
stage from message formulation to articulation. The concept is relevant to issues in normal language
production, such as the evaluation of teaching effectiveness (e.g., Carpenter, Wilford, Kornell, &
Mullaney, 2013) or the understanding of psycholinguistic planning processes (e.g., Fraundorf &
Watson, 2014) and in second language learning (e.g., Chambers, 1997; De Jong, 2018), as well as in
communication disorders such as stuttering, apraxia of speech, and aphasia. In describing oral
expressive deficits in aphasia, fluency incorporates linguistic dimensions of word retrieval and
sentence formulation, as well as more peripheral aspects of speech production such as phonological
and phonetic encoding, articulation, and melodic line. This is evident in fluency rating scales such as
those in the Boston Diagnostic Aphasia Exam (BDAE, Goodglass, Kaplan, & Barresi, 2001b), and the
Western Aphasia Battery (WAB-R, Kertesz, 2006).
An additional potential source of discrepancy is that the term is used both diagnostically and
descriptively (Feyereisen, Pillon, & De Partz, 1991). In traditional neuroanatomic approaches to
aphasia syndrome diagnosis (used in the BDAE, WAB-R, and Aphasia Diagnostic Profiles (ADP, HelmEstabrooks, 1992)), syndromes are classified as “nonfluent” (e.g., Broca’s aphasia, transcortical
motor aphasia) or “fluent” (e.g., Wernicke’s aphasia, anomic aphasia). Descriptively, the fluency
concept is used to characterise how smoothly and efficiently language is produced by a given
speaker in a given task at a given point in time. Both uses are clinically useful and serve different
purposes. However, these different uses can result in disagreements in the characterization of
spontaneous speech in a PwA. For example, an individual with anomic aphasia who pauses
frequently and abandons sentences in the search for words may be described as “fluent” according
to diagnostic categories, but as nonfluent in a descriptive sense. Our goal is to understand how
aspects of spontaneous speech and language influence diagnostic and descriptive designations of
fluency. In a companion paper (Clough & Gordon, 2020), we examined spontaneous speech features
contributing to dichotomous classifications of fluency. In the current paper, we consider contributors
to continuous measures of aphasia fluency.
Because fluency is multidimensional, it has been measured in various ways, such as the rate at which
speech is produced (e.g., Howes, 1964; Nozari & Faroqi-Shah, 2017), the amount of pause time
relative to speech time (e.g., Feyereisen, Verbeke-Dewitte, & Seron, 1986; Park et al., 2011), the
average or typical length of utterances (e.g., Goodglass, Quadfasel, & Timberlake, 1964; HelmEstabrooks, 1992), or the complexity of grammatical forms (Goodglass, Christiansen, & Gallagher,
1993; Rochon, Saffran, Berndt, & Schwartz, 2000). Studies have demonstrated that these dimensions
vary in the extent to which they co-vary (Vermeulen, Bastiaanse, & Van Wageningen, 1989;
Wagenaar, Snow, & Prins, 1975), and may even dissociate, giving rise to sources of disagreement in
fluency classifications (Deloche, Jean-Louis, & Seron, 1979; Feyereisen et al., 1991; Gordon, 1998;
Marshall, 1986). To maximize the reliability and validity of fluency measures, some researchers have
recommended cautious consideration of both quantitative and qualitative dimensions (Feyereisen et
al., 1991; Goodglass et al., 1993; see also Chambers, 1997). Other researchers have responded by
calling for a moratorium on fluency classifications because of their lack of psychometric reliability
(Poeck, 1989) and theoretical relevance (Caplan, 1987).
However, the fluency dimension has weathered the hail of criticism and remains in common
usage today, albeit with a somewhat battered reputation. Many speechlanguage pathologists find
the fluency distinction to be clinically relevant, what Goodglass and colleagues refer to as “an
effective ‘first cut’ in diagnostic classification” (Goodglass, Kaplan, & Barresi, 2001a, p. 75). In
addition to diagnostic use, fluency affects psychosocial interactions. It has been demonstrated that

people with aphasia (PwA) are perceived more negatively overall – even by their spouses – on
cognitive (e.g., competence, intelligence) and personality characteristics (e.g., extroversion,
likeability), and that listeners report being less comfortable and less likely to engage with them
(Croteau & Le Dorze, 2001; Lasker & Beukelman, 1999; Zraick & Boone, 1991). Furthermore,
perceptions are particularly negative for those with nonfluent aphasia (Duffy, Boyle, & Plattner,
1980; Harmon, Jacks, Haley, & Faldowski, 2016; Khvalabov, 2019).
The use of rating scales allows consideration of multiple variables, including more qualitative aspects
of fluency (see Casilio, Rising, Beeson, Bunton, & Wilson, 2019 for a helpful discussion). This
approach has a long history and was advocated by such aphasiology pioneers as Arthur Benson
(1967) and Harold Goodglass (Goodglass et al., 1964). Today, the Western Aphasia Battery (WAB-R,
Kertesz, 2006) and the Boston Diagnostic Aphasia Exam (BDAE-3, Goodglass et al., 2001b) take this
approach, combining ratings of multiple dimensions in the diagnosis of fluency. In the BDAE,
syndrome diagnoses (and their corresponding fluency categories) are made on the basis of scores on
a set of separate rating scales (e.g., melodic line, word finding relative to fluency, grammatical form).
In the WAB-R, fluency diagnoses arise from a single rating scale that incorporates descriptions of
multiple dimensions (e.g., paraphasias, telegraphic speech, hesitations). However, there is ample
evidence that such ratings also lack reliability or may not accord with clinical impressions (Clough &
Gordon, 2020; Gordon, 1998; John et al., 2017; Swindell, Holland, & Fromm, 1984; Trupe, 1984;
Wertz, Deal, & Robinson, 1984).
In aphasia research, the advent of increasingly sensitive neuroimaging techniques has revived
interest in identifying the neural substrates of expressive impairments in aphasia. For example,
Borovsky, Saygin, Bates, and Dronkers (2007) used voxel-based lesion analysis to identify networks
underlying aspects of speech production. Fluency was related to damage in a broad area centering in
the left inferior frontal gyrus and insula. Diffusion tensor imaging has implicated the arcuate
fasciculus in fluency of output (Wang, Marchina, Norton, Wan, & Schlaug, 2013). Using MRI,
Fridrikkson and colleagues also identified the anterior arcuate fasciculus (Fridrikkson, Guo, Fillmore,
Holland, & Rorden, 2013), as well the aslant tract and the uncinate fasciculus (Basilakos et al., 2014),
as important regions underlying speech fluency. Two recent MRI studies have aimed to identify
broad language factors and their neural substrates. In one, Lacey and colleagues conducted a factor
analysis and showed that the “Word Finding/Fluency” factor was related to inferior frontal lobe
regions and a small area of dorsal parietal white matter (Lacey, Skipper-Kallal, Xing, Fama, &
Turkeltaub, 2017). In the other, a principal component analysis related components of fluency to
damage in the left precentral gyrus, superior insula, putamen, and neighboring white matter (Halai,
Woollams, & Lambon Ralph, 2017). Similar approaches have been used to examine brain areas
corresponding to fluent speech production in primary progressive aphasia (e.g., Wilson et al., 2010).
Together, these studies provide an emerging picture of the neural substrates underlying the
fluent production of spontaneous speech. However, progress is hindered by the same lack of
specificity in definitions of fluency that occurs in clinical practice and research. As in prior work,
these imaging studies vary widely in the indices of fluency used. Borovsky et al. (2007) used the
number of tokens as a proxy for fluency. In both of Fridrikkson’s studies (Fridrikkson et al., 2013,
2012), fluency was defined by the WAB-R Spontaneous Speech fluency rating scale. Wang et al.
(2013) used words per minute to capture articulatory agility, and Correct Information Units per
minute (Nicholas & Brookshire, 1993) to reflect efficiency in a way that also considered the
informativeness of the output. Halai et al. (2017) measured the number of words, MLU, and typetoken ratio, which were found to reflect two principal components of fluency: quantity of speech
produced (including MLU and number of words), and variety of words (TTR). This diversity of
measures makes it difficult to find converging evidence across studies or to draw any firm

conclusions about what the identified brain areas are actually responsible for doing. In addition,
most of the measures used capture superficial manifestations rather than underlying causes of
dysfluency.
The current study

Given the continued relevance of the fluency dimension in both clinical and research
domains, we aim to improve the reliability and validity of fluency measurements. As the first step in
that direction, we examined the spontaneous speech characteristics that contribute to dichotomous
(Part A, Clough & Gordon, 2020) and continuous (Part B, the current paper) measures of fluency in
aphasia. To do so, we made use of a large and fairly representative sample of participants with
aphasia from AphasiaBank (https://aphasia.talk bank.org/) to maximise the generalizability of the
findings. We investigated how characteristics of the speakers' spoken language production affected
the relative importance of factors contributing to fluency. For our analyses, we examined the WAB-R
fluency scale (a subjective multidimensional scale) and three more objective quantitative measures
that are commonly used to index fluency, but which are hypothesised to capture different
components of fluency: mean length of utterance, speech rate, and retracing. Because the objective
measures reflect fluency indirectly and incompletely, they should be considered as proxies for
fluency. Each of these measures may be affected by a combination of the three primary dimensions
of spoken language production: word retrieval, grammatical formulation, and speech production
abilities.
The WAB-R fluency scale, as discussed above, explicitly combines qualitative descriptions of
multiple speech and language dimensions. Fridrikkson and colleagues (2013) note that the WAB-R
fluency scale is widely accepted by clinical and scientific communities “as a flawed but usable
shorthand” (p. 3452). As it relies on matching PwA to qualitatively different categories of
performance, the continuous nature of the scale is questionable; however, it is used as such. Scores
on the scale are taken to reflect the degree to which output is fluent. We expected from our own
analyses in Part A (Clough & Gordon, 2020) that the WAB-R fluency scale would reflect the severity
of aphasia most strongly, as it did in when predicting dichotomous classifications of aphasia, but also
be influenced by word retrieval and grammatical formulation abilities.
The three objective measures reflect different characteristics of spoken language behaviour.
Utterance length reflects the ability to connect speech at the sentence level. Thus, it is frequently
used as a proxy for grammatical competence, a common problem in nonfluent aphasia (Goodglass,
1993; Helm-Estabrooks, 1992). Although a long utterance does not necessarily ensure an accurate or
complex utterance, it is strongly associated with these dimensions but easier to calculate, and is thus
an attractive index of fluency for both clinical and research purposes. Speech rate has frequently
been identified as an important contributor to impressions of fluency (e.g., Gordon, 2006; Park et al.,
2011). This measure is broader in scope than MLU and can reflect the efficiency of connecting ideas
in discourse, connecting words to form sentences, or combining sounds to form words. We expected
this measure to reflect lower-level aspects of speech production ability as well as higher linguistic
levels.
Retracing, in which an utterance is stopped and restarted, is also an intuitive and salient
marker of dysfluency. Interruptions and repairs may occur because of message-level difficulties (e.g.,
losing a train of thought), lexical retrieval problems, difficulty structuring a grammatical sentence, or
difficulty formulating an accurate phonological representation. Repetition and repair processes are
frequently analyzed in the assessment of second language fluency (e.g., Bosker, Pinget, Quené,
Sanders, & De Jong, 2012) and stuttering (Howell, 2004), but there has been relatively little focus on

these processes in aphasia. In describing the Quantitative Production Analysis procedures, Rochon
and colleagues note that false starts are “frequent manifestations of nonfluent aphasic speech”
(2000, p. 196). Likewise, Feyereisen and colleagues (1991) describe false starts and repetitions
among the behaviours that give rise to impressions of effortful speech. However, the relationship of
repair behaviours to fluency is far from clear. Marshall and Tompkins (1982) noted that selfcorrection behaviours were related more to aphasia severity than to fluency. Wilson and colleagues
(2010) included repaired sequences as a measure contributing to impressions of nonfluent speech in
their examination of different types of primary progressive aphasia (PPA), but found that repairs
were more frequent relative to control speakers only in logopenic PPA, but not nonfluent PPA. In the
current study, we expected to find that repairs, because they were measured at the utterance level,
would be most strongly predicted by grammatical factors, but perhaps also by aspects of lexical
retrieval and/or speech production.
Despite their clinical utility, these characteristics of spontaneous speech have been described
as “shallow measures” that are “inadequate when the assessment is aimed at the identification of
the defective mechanism” (Feyereisen et al., 1991, p. 14). The same might be said of the WAB-R
fluency scale, given its multidimensionality (e.g., see Trupe, 1984). Thus, our goal is to unpack these
superficial representations of fluency, providing a window into the underlying dimensions that affect
them.
Methods

This study is part of a larger project funded by the American Speech Language Hearing
Foundation. It was approved by the Institutional Review Board (IRB) of the University of Iowa.
Participants

Connected speech samples were downloaded from AphasiaBank for the current study. The
selection process is described in a companion paper (Clough & Gordon, 2020). To summarise, we
analysed Cinderella story samples from 254 unique individuals with aphasia, representing a range of
aphasia types and severity. The most commonly occurring types of aphasia in this set were Broca’s
aphasia and anomic aphasia. Aphasia Quotients from the WAB-R ranged from 10.8 to 99.6. Their
ages ranged from 25 to 90 years, with an average of 61 years. Time post-onset ranged from 4
months to 27 years, with an average of just over 5 years.
For some of the analyses below, we divided the participants into fluent (n = 139) and nonfluent (n =
115) subgroups according to the impressions of the clinician who tested them. The guidelines for
making these judgements were intentionally openended so that impressions would reflect typical
clinical practice, with all its inherent variability. The aphasia data in this sample were contributed
from 21 different sites, from clinicians whose experience averaged 15 years (range: 6 months to 40
years). In addition to capitalising on their ecological validity, relying on clinical impression was a
matter of practicality, as there is no single established objective measure that reliably captures the
multidimensionality of fluency.
Outcome measures

We examined four continuous measures, all of which have been widely used to index fluency
in aphasia. The WAB-R has two Spontaneous Speech scales, one focusing on the information content
of spontaneous speech and the other on the manner of its production (grammaticality, lexical
retrieval, timing). Here we use the latter, commonly referred to as the WAB-R “fluency” scale.

Utterance length was measured as the mean number of words per utterance (MLU), where
utterances are defined on the basis of syntactic, semantic, and intonational cues, following the
Quantitative Production Analysis (Berndt, Wayland, Rochon, Saffran, & Schwartz, 2000; as explained
by MacWhinney, Fromm, Forbes, & Holland, 2011). Speech rate was measured by counting the
number of words produced per minute. Retracing occurs when a speaker interrupts an utterance
and reformulates it, changing the structure but not the meaning (MacWhinney, 2000). In
determining dichotomous fluency classifications, retracing was included as a predictor (Part A,
Clough & Gordon, 2020). However, because this measure is itself multiply determined (as described
above), its contribution to other proxy fluency measures would not significantly clarify the
underlying dimensions of fluency in the current analysis. Rather, we felt it would be instructive to
identify the speech-language components underlying this more superficial manifestation of fluency.
Speech-language predictors

Speech and language characteristics of the Cinderella story retelling task were analysed. We
selected this spontaneous speech task from the AphasiaBank protocol because it balances the tradeoff between naturalness (as in conversational speech) and control of the target content (as in picture
description). Standardising the content facilitates comparison across speakers, relative to more
open-ended tasks like conversation. Compared to single-picture description, storytelling promotes a
more lexically diverse sample, likely because it reduces the tendency to simply list items and events
(Fergadiotis & Wright, 2011; Thompson et al., 2012).
Measures of spontaneous speech were selected to represent the major dimensions of spoken
language production, any of which might contribute to fluency disruption: grammatical competence
(accuracy and complexity of sentences, morphological errors, and degree of verb inflection), lexical
retrieval (accuracy, specificity, efficiency, and diversity of words used), and facility of speech
production (phonological and neologistic errors, presence of apraxia and dysarthria, and pitch
variation). More details about the variables, and their selection and measurement, are provided in
the companion paper (Clough & Gordon, 2020). Briefly, we selected a set of variables representing
the dimensions described above that could be extracted using CLAN (MacWhinney, 2000) or other
automated measures, and that showed relatively low intercorrelations (rs < |.500|). An
intercorrelation table is also available in the companion paper (Clough & Gordon, 2020). As
described above, one of the predictor variables analysed in Part A – retracing – was analyzed as an
outcome here, because it is potentially influenced by multiple underlying causes. Another measure
(the ratio of content to function words) may also be affected by either lexical or grammatical abilities
but was retained here as a predictor because it is more transparent to interpret. The ratio may be
affected by a decline in content words (a lexical retrieval problem) or a decline in function words (a
grammatical formulation problem). Thus, the direction of the effect provides clues as to the
underlying cause. We also included covariates to control for overall sample length (the total number
of utterances) and aphasia severity, measured by the WAB-R Aphasia Quotient (AQ). For reference, a
list of the variables, along with a brief description of each and the fluency component it is intended
to represent, is shown in Table 1.

Table 1. Predictor variables categorised by linguistic dimension (adapted from Clough & Gordon, 2020).
Underlying component
Grammatical competence

Lexical retrieval ability

Facility of speech
production

Dimension

Lexical efficiency

Presence of circumlocutory utterances: Y/N (Circum)
Propositional density (Prop Dens)

Lexical diversity

Moving Average Type-Token Ratio (MATTR)

Phonological encoding

Presence of phonological errors: Y/N (Phon Errs)
Presence of neologistic errors: Y/N (Neo Errs)
Apraxia of Speech: Y/N (AoS)
Dysarthria: Y/N (Dys)

Motor speech

Combined measure
Covariates

Predictor Variable

Grammatical accuracy Presence of ungrammatical utterances: Y/N (Gram Err)
Grammatical complexity
Proportion of complex grammatical relations (Gram
Comp)
Morphological accuracy Presence of morphological errors: Y/N (Morph Errs)
Morphological complexityProportion of verbs inflected (Inflect Vbs)
Lexical accuracy
Presence of semantic errors: Y/N (Sem Errs)
Lexical specificity
Presence of empty utterances: Y/N (Empty)

Melodic line

Pitch variation: SD of F0 (Pitch Var)

Grammatical & lexical
Global

Content:function word ratio (ConFun)
Total Utterances (Total Utts)
Aphasia Severity (WAB-R AQ)

Analyses

As a preliminary analysis, we compared the means of each proxy fluency measure for fluent
and nonfluent PwA (as classified by clinical impression), to illustrate the ability of the four proxy
fluency measures to distinguish between fluency categories. Next, we plotted the distributions of
each fluency measure for all PwA, and for the fluent and nonfluent subgroups, to illustrate the
extent to which they represent truly continuous measures, both within and across subgroups.
Examining the distributions separately for fluent and nonfluent PwA allows us to investigate
whether, for example, there might be floor or ceiling effects on a given measure within a subgroup,
which would carry clinical implications for that measure’s utility.
In our main analysis, we examined the contributors to each fluency outcome measure by
conducting linear regression models. We followed the same model-building procedure as in our
investigation of dichotomous measures of fluency in the companion paper (Clough & Gordon, 2020).
For each model, the 16 spontaneous speech measures and aphasia severity (AQ) were entered into
the model together and were removed one by one according to their p-values (highest p-value first),
until only significant predictors remained. To ensure that we were capturing only robust results, we
set a conservative alpha criterion of p < .01. Each final model was assessed to see if it met model
assumptions for linear regression; if not, we used model diagnostics1 to identify any problems, then
re-ran the model. Below, we also report exploratory analyses of the extent to which predictors of
fluency differed for fluent and nonfluent subgroups. To do this, we added interaction terms to the
final models between clinical fluency category (F vs NF) and each significant predictor.
Results

The Cinderella story samples in this study ranged from 5 s to 20 min, with a mean of 3.4 min
in length. Data were available for all PwA on all fluency proxy measures, but a few speakers were
missing data for some of the speech-language predictors. MATTR scores were missing for 3 (0.8%)
individuals; content:function ratios for 4 (1.2%) individuals; and dysarthria and apraxia diagnoses for,

respectively, 20 (7.9%) and 18 (7.1%) PwA. In all, 1.0% of data points were missing. Missing data
points were left out of the analyses, i.e., we did not use data imputation.
Table 2 demonstrates the ability of each proxy fluency measure to differentiate between
fluent and nonfluent aphasia subtypes. The WAB-R AQ is also shown and illustrates that people with
nonfluent aphasia are generally more severely aphasic than people with fluent aphasia. Differences
between fluent and nonfluent groups were robustly significant (p < .001) on each measure, although
the WAB-R fluency scale, MLU, and WPM clearly distinguished between fluent and nonfluent
speakers better than retracing did. In addition, it is noteworthy that retracing was more common
among fluent than nonfluent speakers, a finding we explore in more depth in the analyses below.
Table 2. Means (in raw units), standard deviations, and t-test results for aphasia severity and each fluency outcome measure
for fluent and nonfluent subgroups.

Outcome measure
WAB-R AQ (severity)
WAB-R fluency scale
Utterance length (MLU)
Speech rate (WPM)
Percent retraced utterances

Fluent (n = 139)

Nonfluent (n = 115)

F vs NF

M (SD)

M (SD)

80.2 (15.37)
7.9 (1.55)
7.6 (2.08)
75.3 (34.11)
.279 (.134)

62.7 (16.93)
4.5 (2.01)
4.3 (1.91)
37.2 (20.07)
.190 (.148)

pvalue
<.001
<.001
<.001
<.001
<.001

Distributions Fluency scale

WAB-R scores on the Spontaneous Speech fluency scale ranged across the full scale from 0 to
10, as shown in Figure 1(a). The distribution is negatively skewed, which may in part be an artefact of
the AphasiaBank protocol – many individuals with more severe aphasia cannot complete the
protocol so are not well represented in the database – and may also reflect the chronicity of many of
the PwA. The mean fluency score is 6.3, and the median is 6.0. The distribution is roughly bimodal,
with most of the sample clustering either at the high end or in the middle of the range (i.e., at the
high end of the nonfluent range). Thus, the two modes correspond to the respective modes for each
(negatively skewed) subgroup distribution. The scale distinguishes between fluent and nonfluent
aphasia for the majority of PwA (as indicated by the t-tests reported above). However, nonfluent
aphasia ranges from 0 to 9, and fluent aphasia from 4 to 10, so there is considerable overlap of
subgroups on the scale (see Part A for further discussion, Clough & Gordon, 2020).
Although the two modes seem to have clinical validity, there are relative gaps in the scale at
scores 3 and 7. This “lumpy” distribution arises because the scale consists of qualitative descriptions
that fit certain aphasia syndromes varying in the frequency of occurrence. For example, the
description for rating 4 (“halting, telegraphic speech . . . characteristic of agrammatic nonfluent
aphasia”) corresponds closely to Broca’s aphasia, and rating 9 fits anomic aphasia. These are the
most commonly occurring syndromes, at least among more chronic PwA. By contrast, the
descriptions for rating 3 (“Longer, recurrent stereotypic or automatic utterances”) and rating 7
(“Phonemic jargon . . . characteristic of severe Wernicke’s aphasia”) represent less commonly
observed patterns.

Figure 1. Distributions of continuous fluency measures ((a) WAB-R fluency scale; (b) MLU, (c) Speech rate; (d) Retracing) by
clinician fluency diagnosis (NFL=nonfluent, FLU=fluent).
[To view this figure in color, please see the online version of this journal.]

Utterance length

Compared to the fluency scale, MLU shows a relatively normal distribution with a mode of 7
words per utterance, and an equivalent mean and median of 6.1 words (Figure 1(b)). Each subgroup
also shows a normal distribution, with nonfluent aphasia showing a modal value of 3 words and
fluent aphasia 7 words. Although there is considerable overlap in the middle of the distribution,
utterance length appears to distinguish fluent and nonfluent syndromes more cleanly than the WABR fluency scale.
Speech rate

The distribution of the rate of speech (Figure 1(c)) is positively skewed and unimodal, with
most values clustering towards the slower end (10–40 words per minute), and a few individuals
showing more rapid rates of speech. The modal value is between 30 and 40 wpm, with a higher
median (51 wpm) and mean (58 wpm), as these values are influenced by the positive skewness of
the distribution. Both the clinically defined subgroups are positively skewed as well; however, the
fluent subgroup distribution is multimodal, with peaks at 20–30, 70–80, and 90–100 wpm,
suggesting that there may be factors other than aphasia fluency subtype that contribute to speech
rate. There is considerable overlap between fluent and nonfluent subgroups, suggesting that speech
rate does not distinguish these syndromes well.
Retracing

The distribution of retracing proportions (Figure 1(d)) is irregular, with a mean of 24%,
median of 22%, and a modal value between 15% and 20% across the full group. Both subgroups also
had modes at 15-20%, but the nonfluent subgroup had another mode at 0% and the fluent subgroup
had another mode at 40-45%. Although the subgroups differ in mean value, their distributions
overlap almost completely across the range.

Linear regressions

Before conducting the regression analyses, we examined the relationships between each
predictor variable and each of the fluency outcome measures (see Supplementary Table). We also
generated histograms of our raw predictor variables to look for highly skewed distributions and
obvious outliers (those separated from the rest of the distribution by a gap). Because many of the
error variables showed high proportions of zeroes (Gram Err: 13%, Morph Err: 72%, Circum: 77%,
Empty: 61%, Sem Err: 35%, Neo Err: 56%, Phon Err: 40%), we transformed all the error proportions
into dichotomous variables – either they produced some instances or none of the given error
behavior. From the remaining continuous variables, 7 outlying data points were removed: 1 each
from the variables MATTR and Pitch Var; 2 from Total Utt; and 3 from ConFun.
In all the initial regression models except the Retracing analysis, violations were noted. The WAB-R
and WPM model violations were addressed by deleting a few influential outlying cases (3 in each
model). In addition, the outcome variable WPM was transformed using a square root transformation
to correct its positive skew. For the MLU model, we also log-transformed the content:function ratio,
and deleted additional outlying cases (14 in total). The total number of cases included following
model correction is reported in the regression tables below and ranges from 88% to over 99% of the
original sample. It should be noted that the outcomes of the original and corrected models did not
differ substantially in their findings; for each outcome measure, the same set of predictors was
identified with similar coefficient estimates and effect sizes.
Fluency scale

Table 3 shows the final model predicting scores on the continuous WAB-R fluency scale for all
PwA. Predictors are ordered from the strongest to the weakest effect size of each predictor. WAB-R
fluency scale scores were most strongly influenced by aphasia severity (p < .001, η2p = .556),
reflecting the strong tendency for nonfluent PwA to have more severe aphasia. Fluency scores were
also predicted by greater lexical diversity (p < .001, η2p = .100), more complex grammar (p < .001, η2p
= .097), fewer cases of dysarthria (p < .001, η2p = .062), and more semantic errors (p < .001, η2p =
.057). Together, these variables accounted for 74% of the variance in WAB-R fluency scores.
MLU

Table 4 displays the final model for the outcome measure of mean utterance length.
Consistent with our predictions, grammatical complexity was the strongest predictor (p < .001, η2p =
.590). Also positively related to utterance length were WAB-R AQ (p < .001, η2p = .159), propositional
density (p < .001, η2p = .096), and lexical diversity (p < .001, η2p = .086). Content:function ratio was
negatively associated with utterance length (p < .001, η2p = .043), indicating that utterances were
longer for those speakers who could produce relatively more function words. The final model
accounted for 82% of the variance in MLU.

Table 3. Final model predicting WAB-R fluency scale scores.
Overall model fit (n =229)
F(5,223) = 130.5, p < .001
Adjusted R2 = 0.74

Predictors of WAB-R fluency scale
Predictor

t-value

p-value

η2p

(Intercept)

−6.26

< .001

0.150

WAB-R Aphasia Quotient

16.71

< .001

0.556

Lexical diversity (MATTR)
Grammatical complexity
Dysarthria (yes)
Semantic errors (yes)

4.96
4.89
−3.83
3.67

< .001
< .001
< .001
< .001

0.100
0.097
0.062
0.057

Table 4. Final model predicting utterance length.
Overall model fit (n =229)
F(5,223) = 210.6, p < .001
Adjusted R2 = 0.82

Predictors of MLU
Predictor

t-value

p-value

η2p

(Intercept)

−5.51

< .001

0.120

Grammatical complexity
WAB-R Aphasia Quotient
Propositional density
Lexical diversity (MATTR)
Content:function ratio (log)

17.90
6.50
4.85
4.57
−3.18

< .001
< .001
< .001
< .001
< .001

0.590
0.159
0.096
0.086
0.043

Speech rate

The final model predicting speech rate is shown in Table 5. Speech rate was not predicted by
severity. As for utterance length, the most important predictor was grammatical complexity (p <
.001, η2p = .229), showing that speakers with more complex grammar also spoke more quickly.
Consistent with this, content:function word ratios were negatively associated with speech rate (p <
.001, η2p = .114), illustrating that the speech rate was facilitated by retrieval of relatively more
function words. Speech rate was also positively associated with lexical diversity (p < .001, η2p = .063)
and propositional density (p < .001, η2p = .059) indicating that word retrieval skills facilitate faster
speech. A positive association was also found for pitch variation (p < .001, η2p = .060), and a negative
association with speech apraxia (p = .004, η2p = .039), implicating speech production processes in the
rate of production. A small association was also noted between speech rate and the total number of
utterances produced (p = .008, η2p = .032). The final model accounted for 56% of the variance in
speech rate.
Retracing

The final model predicting proportions of retraced utterances is shown in Table 6. As for MLU and
speech rate, the strongest predictor was grammatical complexity (p < .001, η2p = .092), but with
more complex grammar associated with more retracing. Speakers who produced more
circumlocutions also retraced more often (p = .001, η2p = .040). These associations are consistent
with the greater incidence of retracing on average in those with fluent aphasia that was indicated by
our preliminary t-tests. However, retracing was also positively associated with grammatical error
production (p = .001, η2p = .041), and speakers with less variable pitch produced more retracing (p =
.001, η2p = .041). This is what one would expect if less fluent speakers tend to repair their utterances
more often, suggesting that retracing occurs in both fluent and nonfluent aphasia, but for different
reasons. These predictors collectively account for a relatively small amount of the variance (22%) in
retracing.

Table 5. Final model predicting speech rate.
Overall model fit (n =223)
F(7,217) = 40.8, p < .001
Adjusted R2 = 0.56

Predictors of speech rate (WPM-SqRt)
Predictor

t-value

p-value

η2p

(Intercept)

−1.70

.091

0.013

Grammatical complexity
Content:function ratio
Lexical diversity (MATTR)

7.99
−5.27
3.80

< .001
< .001
< .001

0.229
0.114
0.063

Pitch variation (SD)
Propositional density
Apraxia of speech (yes)
Total utterances

3.70
3.67
−2.94
2.68

< .001
< .001
.004
.008

0.060
0.059
0.039
0.032

Table 6. Final model predicting retracing.
Overall model fit (n =253)
F(4,248) = 19.0, p < .001
Adjusted R2 = 0.22

Predictors of retracing
Predictor

t-value

p-value

η2p

(Intercept)

4.17

< .001

0.066

Grammatical complexity
Grammatical errors (yes)

5.00
3.27

< .001
.001

0.092
0.041

−3.25
3.22

.001
.001

0.041
0.040

Pitch variation (SD)
Circumlocution (yes)

Fluency interactions

Post-hoc regression analyses of each fluency outcome measure were conducted using the
predictors of each final model and their interactions with clinical fluency impression. (As exploratory
analyses, we report here all interactions significant at p < .05 and present two sample graphs as
supplementary materials to illustrate the interactions.) In predicting WAB-R fluency scale scores,
significant interactions were found for semantic errors (p = .015), grammatical complexity (p = .017),
and aphasia severity (p = .022). Examination of the interactions illustrated that semantic errors
(Supplementary Figure A) and aphasia severity were more predictive of WAB-R fluency for those in
the nonfluent than the fluent category. On the other hand, grammatical complexity was a better
predictor for fluent than nonfluent individuals. Similarly, aphasia severity was a stronger predictor of
MLU for nonfluent PwA (p = .034), whereas propositional density was a stronger predictor of MLU
for fluent PwA (p = .027). Propositional density was also a significantly stronger contributor to
speech rate for fluent than nonfluent PwA (p < .001, Supplementary Figure B). None of the
predictors interacted with fluency category in accounting for retracing.
Discussion

We examined spontaneous speech predictors of several common continuous measures of
fluency in a large sample of individuals with aphasia. Most fluency measures were affected by
aspects of word retrieval, grammatical formulation, and speech production, although there were
differences in which predictors dominated for the different outcome measures. For the WAB-R
fluency scale, the strongest predictor by far was aphasia severity; for utterance length, speech rate,
and retracing, it was a grammatical complexity. To make the findings across the analyses more
accessible, our results are summarised in Table 7. Here we show the significant predictors (not
including covariates) for each outcome variable, color-coded by predictor speech-language
dimension (grammatical competence, lexical retrieval, speech production) and indicating the size of
each effect. The R2 values in Table 7 are different from those shown in Tables 3–6, because they

reflect the variance accounted for in each outcome measure by just the specific speech-language
predictors, excluding the covariates (severity and total utterances).
To summarise, of the four fluency measures assessed, three (WAB-R fluency, retracing, and speech
rate) were affected by a combination of variables representing all three underlying components of
spoken language production. MLU was significantly predicted only by grammatical and lexical
measures. This measure of fluency can be conceptualised, then, as reflecting linguistic aspects of
fluency. By contrast, speech rate showed a stronger influence of variables at the speech production
level, including pitch variation and apraxia of speech, although grammatical and lexical variables
contributed as well. Examining the variance accounted for in each model (see Table 7) illustrates that
MLU was predicted best by the speech-language variables (79% of the variance), followed by speech
rate (54%) and WAB-R fluency (42%). The variance in WAB-R fluency accounted for by the speechlanguage predictors alone is considerably less than the original model (Table 3) because the
strongest predictor – overall severity – is omitted here. As we discuss in the companion paper
(Clough & Gordon, 2020), the fact that the WAB-R fluency scale is dominated by severity limits its
utility as a measure of fluency. A relatively small proportion of the variance in retracing (22%) was
accounted for by the speech-language predictors, suggesting that this behaviour is affected by other
factors. For example, the tendency to retrace may reflect conceptual-level processing difficulties or
premorbid characteristics affecting speech style.
Table 7. Speech-language predictors of each outcome measure (not including covariates), shown by predictor
categorya and effect sizeb.
Predictor
WAB-R fluency scale
Lexical diversity (MATTR)
Grammatical complexity
Dysarthria
Semantic errors
Utterance length (MLU)
Grammatical complexity
Propositional density
Lexical diversity (MATTR)
Content:function ratio
Speech rate (WPM)
Grammatical complexity
Content:function ratio
Lexical diversity (MATTR)
Pitch variation
Propositional density
Apraxia of speech
Retracing

Effect sizes
R2 = .42
Medium (LEX)
Medium (GRAM)
Medium (SPCH)
Small (LEX)
R2 = .79
Very Large
(GRAM)
Medium (LEX)
Medium (LEX)
Small (GRAM)
R2 = .54
Large (GRAM)
Medium (LEX)
Medium (LEX)
Medium (SPCH)
Small (LEX)
Small (SPCH)
R2 =.22

Grammatical complexity
Medium (GRAM)
Grammatical errors
Small (GRAM)
Pitch variation
Small (SPCH)
Circumlocution
Small (LEX)
aGRAM indicates grammatical characteristics; LEX indicates lexical characteristics; SPCH indicates speech production
characteristics.
bEffect size benchmarks: small = .01-.05; medium = .06-.13; large = .14-.29; very large > .30 (Cohen, 1988).

In general, the finding that predictors from multiple linguistic and speech levels affect most
measures of fluency supports previous observations that fluency is multiply determined (Casilio et
al., 2019; Feyereisen et al., 1991; Goodglass et al., 2001a; Gordon, 1998; Trupe, 1984; Vermeulen et
al., 1989; Wagenaar et al., 1975). Our findings are consistent, for example, with those of Casilio and

colleagues (2019), who also examined a wide range of speech-language variables and identified 4
factors underlying connected speech, which they labelled paraphasia, logopenia, agrammatism, and
motor speech. The latter three were interpreted as reflecting different components of fluency,
although the factors did not map onto the aphasia subtypes of the 24 participants they examined
with any consistency. Thus, it is unclear how these factors relate to fluency as a diagnostic term.
Nevertheless, our study supports their conclusion that word retrieval, grammatical competence, and
motor speech all contribute to fluency, and extends these findings to a much larger sample.
Our results also illustrate that different measures of fluency weight the contributions of these
underlying sources of variability differently. Across the analyses, an important role is evident for
grammatical complexity, which affects all of the fluency measures to some degree and exerts large
effects on utterance length and speech rate. This variable was calculated by dividing the number of
grammatical relations that encode embeddings (as identified in the CLAN manual, MacWhinney,
2000) by the total number of grammatical relations. Among these, the most frequently occurring
were finite clausal complements to a verb (e.g., “She doesn’t want to tell him why she has to go” or
“She goes cryin’ she can’t go ball at all”) and clausal modifiers (e.g., “They have her go to the party
and be with the prince who is the heavenly host” or “They were probably hoping that they were
gonna be ones that would somebody this handsome man was gonna marry her”). Notably, this
measure captures embeddings regardless of the accuracy with which they are implemented. The
importance of grammatical complexity reflects the frequent and well-established co-occurrence of
agrammatism with nonfluency, and is consistent with the results of Nozari and Faroqi-Shah (2017).
They examined the influence of measures of word retrieval, syntactic production, comprehension,
working memory, and self-monitoring on fluency, and found that only syntactic measures had a
direct effect on fluency. However, their word retrieval measures may have been non-significant
contributors because they were obtained in single-word picture-naming tasks rather than connected
speech. (It is unsurprising that comprehension and working memory were not predictive of fluency
in that study.)
It is noteworthy that one of the measures of fluency – retracing – was revealed to be more
strongly related to fluent characteristics, such as more complex grammar and circumlocution, than
to nonfluent language characteristics (although retracing was also more common in speakers with
less variable pitch and more grammatical errors). The coexistence of these seemingly contradictory
effects suggests that fluent and nonfluent speakers retrace for different reasons, but that it is more
common in fluent speakers. Fraundorf and Watson (2014) proposed that retracing is a production
strategy that is more available to speakers who are more fluent. After examining the frequency and
location of three types of dysfluencies (fillers, silent pauses, and repeats/repairs [similar to retraces
here]) in undergraduates during a story retelling task, they concluded that repetition is a “preferred”
strategy. Repetitions maintain production once the utterance has been initiated and when the
material is available to be repeated or revised, whereas pauses indicate grammatical or lexical
planning difficulties and are used “when other strategies are not available” (p. 1092). Although the
language production of undergraduates is clearly different from PwA, parallels can be drawn: fluent
PwA tend to have access to a wider range of lexical and grammatical options than nonfluent PwA
(hence the wellknown contrast between substitution and omission behaviors [e.g., Kleist, 1916; Kolk
& Heeschen, 1992]).
These findings have implications for methods of assessing fluency. For example, if the goal is
to provide a global picture of fluency, particularly across a group of PwA who vary in their underlying
deficits, then a multidimensional measure such as the WAB-R fluency scale or speech rate is more
likely to capture the broad range of ways fluency can be disrupted. However, the distribution of
scores across the WAB-R scale indicates that it is better viewed as a categorical than a continuous

measure, reflecting subtypes of aphasia approximately arrayed by aphasia severity. Although speech
rate captures several ways in which PwA vary continuously on fluency dimensions, the distribution of
speech rates indicates that it is not sufficiently specific to differentiate between fluency categories.
Furthermore, such multidimensional measures will be less useful in diagnosing the reasons for
fluency disruptions. MLU may be useful to focus on linguistic (vs speech) deficits but is clearly
affected by both grammatical and lexical factors. To identify underlying causes of dysfluency at an
individual level would require a set of specific measures, such as grammatical complexity and lexical
diversity, in combination with indicators of fluency. The multidimensionality of fluency is also
problematic for efforts to identify neural substrates of fluency (e.g., Basilakos et al., 2014;
Fridrikkson et al., 2013; Lacey et al., 2017; Wang et al., 2013; Wilson et al., 2010). Vastly different
findings are likely attributable, at least in part, to the widely varying measures and combinations of
measures used. It would be more meaningful to identify neural substrates of the components of
fluency than of “fluency” as a global construct.
Examining interactions between fluency category and the predictors suggests that the
importance of different variables might also be different at different levels of fluency. That is, what
interferes with fluency in those who are already relatively fluent may be different from what affects
fluency for less fluent speakers. Our findings indicate, for example, that higher WAB-R fluency scale
scores are obtained for speakers who can produce more complex grammatical constructions, but
that this association is stronger for fluent speakers. Presumably, the production of nonfluent
speakers is limited by other factors. Similarly, greater propositional density (the ability to formulate
propositions by connecting nouns with verbs and adjectives) facilitates speech rate among fluent
speakers more than nonfluent speakers. Although nonfluent speakers show an even greater range of
propositional density than fluent speakers in our sample (see Supplementary Figure B), it is not as
strongly associated with speech rate. It may be that the effort to formulate propositions entails a
trade-off for some nonfluent speakers, such that more propositions can be produced, but this entails
a slowing of speech output.
The finding that semantic errors are associated with higher WAB-R fluency scores, but only
for nonfluent PwA, may seem counter-intuitive, but probably also reflects a trade-off. The ability to
produce words, even in error, allows the flow of speech to continue compared to the speaker who
stops to search for the correct word. (This resonates with Kolk and Heeschen’s [1992]
characterization of the difference between agrammatism and paragrammatism as a strategic choice
between nonfluent elliptic or fluent but errorful production.) The association of semantic errors with
higher fluency also highlights the fact that fluency is influenced by the combined effects of both
positive and negative symptoms of aphasia. Thus, greater fluency may reflect productive aspects
such as more complex grammar, but also counter-productive aspects such as empty speech and
semantic errors. Although these analyses were exploratory, they suggest how consideration of the
underlying causes of dysfluency at an individual level can help identify clinical targets for therapy.
Other sources of variability that might influence outcomes include the nature of the task
used and the heterogeneity of participants studied. In particular, studies using conversational tasks
(e.g., Borovsky et al., 2007; Casilio et al., 2019) are likely to identify different spontaneous speech
characteristics than studies examining expression in monologue tasks like picture description or story
retelling (e.g., Gordon, 2006; Kong & Wong, 2018; Park et al., 2011). For example, conversation often
consists of shorter and more elliptical utterances. In terms of participant sampling, the distribution
of syndromes, or the average and range of severity level, may vary across studies. For example, even
in studies examining relatively unselected groups, the proportion of the sample consisting of
individuals with anomic aphasia varies widely, from less than a third (e.g., Casilio et al., 2019; Halai et
al., 2017) to almost half (e.g., Borovsky et al., 2007; Lacey et al., 2017). In the current sample, just

over a third of the PwA were characterized as having anomic aphasia. Some studies include only
individuals in the chronic phase (Fridrikkson et al., 2013; Halai et al., 2017; Wang et al., 2013); others
examine acute aphasia (John et al., 2017). Somewhat atypically, Park and colleagues (2011)
combined stroke participants with a variety of other populations, such as semantic dementia,
Alzheimer’s disease, and non-brain-damaged participants, in their investigation of fluency. Wang and
colleagues (2013) excluded participants with “pure anomia”, whereas other studies (like the current
study) included participants whose aphasia had resolved according to the WAB-R criterion of an AQ
score greater than 93.8 (Basilakos et al., 2014; Borovsky et al., 2007; Lacey et al., 2017).
Differences such as these may influence which dimensions are identified as being most
salient or which underlying brain areas are identified as most important for fluent expression. The
smaller the subject sample, the greater the impact of such sources of variability. Thus, one of the
strengths of the current study is the large sample of PwA included, thanks to the dataset provided in
AphasiaBank.
Limitations and caveats

There are several limitations to the current study. Foremost is the lack of a continuous
perceptual measure that focuses specifically on fluency. Instead, we rely on a variety of quantitative
measures which have been widely used, in both clinical and research domains, to reflect fluency.
Clinical impressions were available as dichotomous perceptions of fluency (analyzed in Part A and
used here to investigate fluency within aphasia subtypes), but do not provide information on how
fluent the speakers were perceived to be. The WAB-R fluency scale score provides the closest
approximation to a perceptual scale, but it is not continuous, and its interpretation is complicated by
the fact that it incorporates aspects of grammaticality, word retrieval, prosody, and articulatory
effort (Trupe, 1984). Although these dimensions are probabilistically related to fluency (as our
results reinforce), they may not be directly related to the judgement of fluency. For future study of
this issue, we are currently conducting surveys to collect perceptions of fluency, along with
perceptions of other aspects of production.
We also acknowledge that there are aspects of spontaneous speech production that are not
well captured by our set of variables. Most notably, AphasiaBank provides few cues to articulatory
agility beyond the presence or absence of motor speech disorders. The occurrence of errors of
phonological encoding and the variation of pitch provide some additional information relevant to
lower-level production processes, but these are no substitute for the impression of “effort” that is so
important to fluency judgements (e.g., Goodglass et al., 2001a; Park et al., 2011). We also have
minimal information to distinguish dysfluencies at grammatical and lexical levels from dysfluencies
that might have their origin at the message level. Such factors might explain some of the
considerable variance left unaccounted for in some of our models, particularly retracing.
As mentioned above, a limitation of the sample in the current study, although quite large, is the
relatively low representation of global aphasia. This may account for the skewing of the nonfluent
subsample towards the upper end of the nonfluent scale (see Figure 1(a)). With more individuals
with global aphasia and a better measure of motor speech, we might have obtained different results,
such as a stronger influence of co-occurring motor speech disorders.

Conclusions

In this study, we examined four continuous measures of fluency and the speech-language
factors affecting these measures. Making use of a large and relatively unselected sample of
individuals with aphasia allowed us to analyze a large number of potential predictors and helped to
overcome some of the variability that can come from sampling differences. Results showed that,

although most of the measures were multiply determined, they each reflected different aspects of
fluency. Thus, they may be appropriate for different purposes in clinical and research settings. The
discontinuous distribution of scores on the WAB-R fluency scale indicates that it is not well suited as
a continuous measure of fluency. Rather, it consists of a set of qualitative patterns of expression
corresponding to different aphasia syndromes that are more representative of severity than fluency.
Speech rate is a multidimensional measure of fluency that shows a more continuous (although
skewed) distribution but does not distinguish between fluent and nonfluent categories well. Mean
length of utterance shows a more normal distribution of scores and captures a relatively large
amount of variance in connected speech measures at grammatical and lexical levels, while speech
rate reflects the influence of lowerlevel aspects of speech production better than MLU does.
Retracing reflects more specific aspects of production and, importantly, is more closely associated
with fluent than nonfluent speech production.
Particularly when extrapolating results for clinical purposes, it is important to consider that
these findings reflect general patterns, and the utility of any given measure depends on the profile of
the individual speaker. For example, pitch variation, as the only measure of melodic line, played a
relatively small role in predicting measures of fluency at the group level, but there are some PwA for
whom disrupted melodic line may be the most prominent feature of dysfluency. The disruption of
fluency in different speakers reflects the potential contributions of different deficits in varying
combinations.
Variation in fluency measurement arises from speakers with different types of aphasia, from
different measures of fluency, and from different conceptions of what fluency is (Clough & Gordon,
2020; Gordon, 1998; the current study). Although this variation reduces the reliability of categorical
fluency diagnoses, Feyereisen and colleagues (1991) highlight the utility of fluency measurement for
descriptive purposes: “For the same reasons that made them inappropriate in the classification of
aphasia . . . fluency measures display a versatility and an ecological relevance that allow for several
adequate uses in the study and treatment of single cases of aphasia” (p. 17). In our view, the solution
to the fluency reliability problem lies in clearly distinguishing between the surface manifestations of
fluency and the underlying deficits which contribute to fluency measures, whether they be
difficulties with lexical retrieval, sentence formulation, phonological encoding, articulatory
implementation, or a combination of these. In our ongoing project, we are developing an assessment
tool that relates fluency to a set of potential speech and language contributors, to improve the
accuracy of diagnosis and facilitate treatment planning.
Note
1. Package gvlma in R was used to assess linearity, skewness, kurtosis, and homoscedasticity of residuals. To diagnose problems
with the data, we used the commands vif to assess for variance inflation; skewness to assess normality; ncvTest to assess
homoscedasticity; Durbin– Watson test to assess the independence of errors; OutlierTest, outliers, and hist to identify outliers;
and plotted Cook’s Distance to identify influential cases.
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