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ABSTRACT

Purpose: This study examines how personal, clinical, and word-level features
explain paraphasias when using machine learning—based error analysis on the
narratives of people with aphasia (PWA).

Method: We used AphasiaBank as the source of narrative transcript data for 236
PWA. We tested machine learing classification algorithms including decision trees
and random forests on the utterances of PWA, including nonparaphasic words and
intended words when paraphasias were produced. We classified target words as
paraphasic or nonparaphasic based on PWA'’s age; aphasia severity, duration, and
type; presence of apraxia or dysarthria; and word-level features including part of
speech, word frequency, imageability, syllable count, and location in the utterance.
We measured the models’ predictive accuracy across classification thresholds on
held-out test sets, and we used feature analysis to compare feature importance.
Results: At the word level, our random forest model achieved an area under curve
(AUC) of 0.896. We found a sensitivity of 0.821 for semantic paraphasias, 0.764
for phonemic paraphasias, and 0.872 for neologistic paraphasias. The most salient
features, in order of importance, were word frequency, imageability, part of
speech, age, severity, and syllable count, followed by aphasia duration, location of
word, presence of apraxia, type of aphasia (e.g., fluent), and presence of dysar-
thria. Our random forest model that included information about surrounding words
achieved AUC scores ranging from 0.881 to 0.899. Additionally, we developed a
model that was trained on surrounding words and their respective features, but
not given the actual error word. The best model achieved an AUC of 0.745.
Conclusions: Machine learning can aid in the explanation of paraphasias. In
this study, we analyzed word- and person-level features and highlighted the
nonrandom nature of paraphasic productions. Furthermore, this lays the
groundwork for developing machine learning models with clinical applications at
the various stages of treatment of PWA.

Supplemental Material: https://doi.org/10.23641/asha.28474172

Aphasia is an acquired communication disorder that
results from damage or loss to the cortical and/or subcor-
tical areas of the brain responsible for language (H. Le
& Lui, 2023). Typically, there is damage in the left
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hemisphere due to its critical role in language (Brady
et al., 2012). Specifically, damage to the perisylvian
network for language can lead to impairments in expres-
sive and receptive language skills (Grossman & Irwin,
2018). The most common cause for aphasia is a type of
cerebrovascular accident called ischemic stroke (Fergadiotis
et al., 2019). Aphasia can also be caused by traumatic
brain injury, tumors, or progressive disorders such as
Alzheimer’s and hemorrhagic strokes (Grochmal-Bach
et al., 2009). Of people that experience a cerebrovascular
accident, about one third will become people with aphasia
(PWA; Brady et al., 2012). Overall, this is equivalent
to over | million people in the United States who

Perspectives of the ASHA Special Interest Groups e Vol. 10 e 451-462 e April 2025 ¢ Copyright © 2025 American Speech-Language-Hearing Association 451

Downloaded from: https://pubs.asha.org Carnegie Mellon University on 04/01/2025, Terms of Use: https://pubs.asha.org/pubs/rights_and_permissions


https://orcid.org/0009-0001-6656-3960
https://orcid.org/0000-0001-9756-0845
https://doi.org/10.1044/2024_PERSP-23-00291
https://doi.org/10.23641/asha.28474172
mailto:Laura-wilson@utulsa.edu

SIG 2 Neurogenic Communication Disorders

have aphasia and about 180,000 new cases per year
(National Institute on Deafness and Other Communica-
tion Disorders, 2017).

Characteristics and Classification

The symptoms that PWA experience can vary from
mild impairments at the word level to larger language def-
icits according to lesion site and size. They may experience
these impairments in language components such as seman-
tics, phonology, morphology, and/or syntax (H. Le & Lui,
2023). Aphasia subtypes can be used to categorize individ-
uals based on their patterns of impairment across the lan-
guage modalities. For example, researchers may dichoto-
mize aphasia into nonfluent and fluent aphasia, based on
their verbal output (Hallowell, 2017). Nonfluent aphasias
(e.g., Broca’s aphasia, global aphasia, and transcortical
motor aphasia) are characterized by verbal output that is
shorter, more effortful, and often agrammatic in nature.
Fluent aphasias (e.g., Wernicke’s aphasia, transcortical
sensory aphasia, anomic aphasia, and conduction aphasia)
are characterized by effortless verbal output without hesi-
tations but may include errors or limited meaning. For
this study, we analyzed subjects based on their fluent or
nonfluent aphasia classification, without reference to sub-
categories (e.g., Broca’s or Wernicke’s aphasia).

Paraphasias

Paraphasias are substitution-based, word-level errors
that are characteristic of PWA (Dalton et al., 2018). In
general, these word-level errors are related to a break-
down in lexical access, related to semantic retrieval, pho-
nological retrieval, or the interaction of the two (Schwartz
et al., 2006). Although there are several classification
schemes for paraphasias that can aim to categorize types
of paraphasias based on the type of error (i.e., phonemic
or semantic) or its distance from a target word, a widely
used categorization system (that is used by the Aphasia-
Bank) includes semantic, phonemic, and neologistic para-
phasias. Respectively, a person with aphasia may substi-
tute a target word (e.g., pumpkin) based on a semantic
error (e.g., apple), a phonemic error (e.g., the nonreal
word “tumpkin” or the real word “bumpkin”), or a pho-
nologically unrelated neologistic error (e.g., perka), which
can all impact the listener’s comprehension of the intended
message. Previous studies found evidence of a relationship
between external factors, such as the frequency of a word
in the English language, and resulting deficits in naming
accuracy (Butterworth et al.,, 1984; Goodglass et al.,
1969). Typically, paraphasia studies examine factors such
as part of speech, imageability, and frequency. For exam-
ple, Nickels and Howard (1995) set out to explore the
effects that psycholinguistic factors played in word-finding

difficulties. Out of the factors they studied, including fre-
quency, word length, and age of acquisition, they found
separate correlations between imageability, the ease with
which a word can be pictured, and age of acquisition in
errors of people with fluent and nonfluent aphasia. These
findings were confirmed with later studies that demon-
strated PWA perceive words with higher imageability as
easier to produce, and across tasks and types, and are
more likely to use verbs and nouns with “higher than
average” imageability values (H. Bird et al., 2003, p. 6).
In our analysis, we build upon these foundational features
(part of speech, imageability, and frequency) by incorpo-
rating additional features, specifically word length and
sentence position. We theorize that word length could
serve as an informal measure of conceptual complexity
(Lewis & Frank, 2016), while position in a sentence may
reveal potential patterns in error production. Our ratio-
nale for including these new features is based on the
hypothesis that error production is influenced by a simul-
taneous interaction of various psycholinguistic variables.
For example, despite scanty evidence about the effects of
psycholinguistic variables, we theorize word length could
serve as an informal measure of conceptual complexity
(Lewis & Frank, 2016) and position in a sentence as a
way of describing potential patterns of error productions.

The evidence described above has largely been gener-
ated from studies of language production in confrontation
naming tasks. Growing research has investigated the role of
paraphasias in narratives (Fromm et al., 2017, MacWhinney
et al., 2011). Part of the rationale for using narrative tasks is
that they assess real-world performance in a way that iso-
lated confrontation naming tasks cannot by eliciting typically
longer and more diverse speech samples.

Although performance on confrontation tasks is
related to discourse informativeness—defined as the general
extent to which spoken or written discourse provides rele-
vant, useful, and clear information to its audience—on nar-
rative discourse tasks (Fergadiotis et al., 2019), it only
accounts for about 62% of the variance in discourse infor-
mativeness. This suggests that narrative discourse relies on
and can provide different information about linguistic skills.

In addition to an increase in language freedom in
participants, narrative tasks allow for context to researchers
(Dillow, 2013). In other words, while a confrontation nam-
ing task requires an exact response, a narrative task pre-
sents as an open-ended question without a required correct
response. In this way, participants can speak with the
vocabulary, grammar, fluency, and pronunciation that
more closely match their typical language while still giving
researchers a contextualized response, which allows for
more successful identification of target words in the pres-
ence of errored productions.
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Aphasia Research and Machine Learning

Even with online repositories of language samples
(e.g., MacWhinney et al., 2011), the process of analyzing the
narratives of PWA can be laborious and time-consuming.
As a result, in the past few years, ground-breaking research
has been conducted using both transcription and coding-
based tools to aid in the process of error analysis as it
relates to discourse production. For example, Adams et al.
(2017) used natural language models to train a machine
learning system to automatically classify errors as phonemic
or neologistic based on known target words. They accom-
plished this by training their system to predict the possible
target words that a speaker may be trying to say based on
their retelling of the Cinderella story. In a similar manner,
D. Le et al. (2018) analyzed the discourse of participants in
the AphasiaBank repository and found that 12% of errors
in samples fit the criteria for paraphasias. They were then
able to automatically classify phonemic and neologistic
paraphasias from transcripts with known and unknown tar-
get words.

Despite the access to databases with large speech
samples of PWA and the recent use of machine learning
models to aid automatic diagnosis and discourse analysis
in the field of aphasiology (Jarvelin & Juhola, 2011; Jothi
& Mamatha, 2020), no studies to date have produced a
model that can classify all types and evaluate which
person-level and psycholinguistic factors influence the pro-
duction of paraphasias. As a result, the purpose of this
study is to address the following research question: How
do person-level features (e.g., age) and psycholinguistic
features of both target and surrounding words (e.g., word
frequency, part of speech) explain paraphasic productions
when incorporated into machine learning models? The
findings of study help us to better understand the contrib-
utors to paraphasic production in naturalistic communica-
tion settings, which can support more targeted treatment.
Additionally, this study provides insight into the use of
machine learning models in the study of aphasia and
implications for therapeutic applications.

Method
Source of Data

All data came from AphasiaBank (MacWhinney
et al., 2011), a repository commonly used by researchers
to study aphasia. It is a large repository of transcribed
audio and video recordings of PWA by trained inter-
viewers. All recordings were collected in a span of 9 years
by various research groups using a standardized protocol
of questions and stimuli. We used subdatabases in
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English that were collected using the AphasiaBank protocol
(MacWhinney et al., 2011, p. 3) and contain a transcription
of the interview. Within the interview, participants were
asked to do various free speech and semispontaneous
tasks, including retelling the story of Cinderella. We
focused on the latter by using the subset of each tran-
script that contained audio and transcribed retellings of
the Cinderella story. This type of narrative allows for
longer, more natural samples of communication while also
providing some context to researchers on the messages
being conveyed, which is highly relevant when analyzing
errors and determining intended target words (Dillow,
2013). AphasiaBank also contains participants’ demographic
and clinical features, which we include in the analyses.

Transcripts

AphasiaBank collaborators segment each utterance
of a person with aphasia using standard guidelines of syn-
tax, intonation, pauses, and semantics (MacWhinney
et al., 2000). This criterion leads to numbered, time-
stamped utterances in the Codes for the Human Analysis
of Transcripts (CHAT) transcription format. The format
includes labels of utterance features (e.g., word repetitions,
revisions, fillers, gestures, sound fragments, and unintelli-
gible output). In CHAT, licensed speech-language pathol-
ogists marked all errors at the word level with an asterisk
[*] and a letter specifying the type of error (phonological,
semantic, neologism, morphological, and disfluencies).
Further letters indicate the subtype of error, such as [*n:k]
for an error categorized as neologistic with known target
word, versus [*n:uk] for an error categorized as neologistic
with an unknown target word. For the purposes of this
study, we consider errors those that were marked as errors
followed by the phonological, semantic, and/or neologistic
symbols, regardless of the subtype.

Furthermore, for nonwords, including errors where
the intended word is not known (and later imputed), the
utterances are transcribed using the standardized Interna-
tional Phonetic Alphabet (IPA). In addition, we utilized
participants’ transcribed narratives in the CHAT format
to extract coded features for the machine learning models
(e.g., part of speech, position in a sentence, and word
length). Transcripts were converted from the CHAT for-
mat to an XML (extensible markup language) format. We
excluded utterances with untranscribed segments, and we
removed word fragments from utterances.

Subjects

All subjects in this study are PWA who are at least
18 years old and resided in the United States at the time of
the interview. Participants were excluded if they did not
have aphasia as categorized by the Western Aphasia
Battery—Revised (WAB-R), if they spoke any language
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other than English, and if they did not know the Cinderella
story. These criteria resulted in narratives from 236 subjects
being included in the analyses.

Measures

Independent Variables

We gathered information on word-level features to
help with the prediction and identification of each type
of error. Word-level features included imageability, fre-
quency, word length, part of speech, and position in a
sentence for each word. Specifically, we assign features
to nonparaphasic words and the target words of para-
phasias. In combination, these features were chosen
because they have demonstrated a relationship with word
productions in PWA (Howard et al., 2008). For exam-
ple, the frequency of a word is a strong predictor for
how fast a person with aphasia can utter the word in a
naming task.

We utilized the Medical Research Council Psycho-
linguistic Database (Coltheart, 1981) to assign values for
psycholinguistic features of the words in the included
utterances. The MRC database was developed out of a
need to provide researchers with word-level characteristics
for psycholinguistic experiments and contains smaller
databases for specific features. For example, we used the
Coltheart (1981) database to assign imageability to the
included utterances. Imageability ratings in the subdata-
base were derived from previous sets of norms (Gilhooly
& Logie, 1980; Paivio et al., 1968; Toglia & Battig, 1978)
and yield subjective ratings between the values of 100 and
700 (from least to most imageable). Frequency values
were derived from the Python library wordfreq, a tool that
unifies several open web-based sources of English text to
provide word usage frequency (Speer, 2022). Word length
is an objective measure that was derived from each word’s
syllable count, as obtained by converting grapheme length
to syllable count using the g2pE module in Python (Park
& Kim, 2019). The part of speech and absolute position
within the sentence are both derived from the Aphasia-
Bank transcripts by the coding provided and our protocol,
respectively.

Content words are those with substantive meaning
relative to the grammatical structure of the sentence. Typi-
cally, they include nouns, verbs, adjectives, and adverbs.
For this study, we included errors regardless of part of
speech. Although paraphasia analyses are historically done
with content words, errors at the narrative level can
include functors as well (e.g., pronouns; Arslan et al.,
2021). Thus, in the present study, we do not restrict analy-
sis to content words only, as that would limit our exami-
nation of the person-level and word-level factors that con-
tribute to paraphasic productions.

At the person level, we incorporated clinical fea-
tures, including type (i.e., fluent or nonfluent) and severity
of aphasia (as measured by the WAB-R Aphasia Quo-
tient), time postonset, and years of therapy prior to the
day of testing. To account for language production differ-
ences by age (Marini et al., 2005) and because age is
related to likelihood of aphasia poststroke, as well as type
of aphasia (Ellis & Urban, 2016), we also included age as
a variable in the model. A summary of demographic and
clinical information about the subjects included in our
sample is included in the results (see Tables 1 and 2).

Dependent Variables

The dependent variable of interest was the presence
of a paraphasic error. Specifically, we looked at the suc-
cess with which our model was able to determine the pres-
ence or absence of a paraphasic error based on the word-
level and person-level features described above.

Procedure

We first parsed the data from the CHAT transcripts
for each participant. AphasiaBank provided the Chatter
program (MacWhinney et al., 2011) needed to convert the
data into an XML format. This separated the data into
tags, which could then be used to separate the intended
narrative from the rest of the data. We included all the
utterances during the retelling of the Cinderella story. We
filtered utterances containing untranscribed speech, leaving
the final corpus of text. For word errors that had a likely
intended target word attached, the intended target word
replaced the word error in the analysis. This allowed us to
incorporate the features of the intended word (e.g., fre-
quency of the intended word) to help determine the role
of that feature in the likelihood of error production.

Imputation Strategy

Not every word that contains an error includes the
intended target. For example, neologistic errors that were

Table 1. Demographic information of people with aphasia (N = 235).

Information M in years (SD)
Age (at time of test)® | 61.7 years (4.0)
Education 15.5 years (2.8)
% n
Sex Female 41.28 97
Male 58.72 138
Race White 83.40 196
African American 13.20 31
Other/not reported 3.40 8

8Age is the only demographic variable included in the models.
Other demographic variables are provided for the purpose of
describing the sample.
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Table 2. Diagnosis-related information of people with aphasia
(N = 235).

Information M (SD)

Severity 69.1 WAB score (17.9)

Time postonset 5.4 years (5.0)

Treatment duration | 3.3 years (4.0)

% n

Etiology Stroke 90.8 213
Other 3.8 9
Unknown/NA 5.5 13

Comorbidity Apraxia 31.9 75
Dysarthria 8.5 20

Types of aphasia Broca 34 79
Anomic 26 60
Conductive 12 298
Wernicke 6 15
Global 2 6
Other/NA 20 46

Fluency Fluent 44 104
Nonfluent 45 105
Unknown 11 26

Note. WAB = Western Aphasia Battery; NA = not applicable.

not recognized by the researchers were then left in an IPA
format. To capture these words in our data, we developed
a protocol for manually determining the most likely
intended target word based on the combination of audio,
visual, and transcription data provided. We first identified
utterances that contained at least five words (excluding
fragments and fillers) and included the error within that
total count. We then found the phonetic transcript for the
utterance and listened to and watched the three lines of
utterances that preceded and followed the utterance con-
taining the error. Two researchers (R.Z. and L.W.) then
independently recorded their first and second impressions
of the target word for the neologistic error and the corre-
sponding parts of speech. Initial interrater reliability was
at 55%, rising to 98% consensus with discussion.

In addition to the missing replacement words, some of
the words are missing a part of speech label. For the 14.6%
of words where the part of speech was missing, we replaced
values using a trained part of speech tagger. We used the
openly available Natural Language Toolkit Python library
(nltk), which provides a part of speech tagging model trained
on large bodies of labeled English sentences to predict the
part of speech of words in the context of a sentence (S. Bird
et al., 2009). The predictions are 69.1% accurate when pre-
dicting the part of speech of the labeled words from the data
set. The predicted part of speech tags was used only for
words missing a part of speech in the transcript.

For the 29.2% of words where the imageability was not
available in the Medical Research Council Psycholinguistic
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Database (Coltheart, 1981), a linear regression imputation
model was trained to predict the imageability of the word.
First, each word with an assigned imageability in the
database is translated to a vector using a word2vec model
implemented in GenSim. This model is one that was pre-
viously trained on the Google News data set, a popular
standard for word2vec models in the field of natural lan-
guage processing (Mikolov et al., 2013). The linear regres-
sion model is then trained on each word’s word vectors to
predict that word’s imageability. This approach is based
on existing literature that shows that imageability can be
explained in part by these word embeddings (e.g., Ljubesi¢
et al., 2018; Matsuhira et al., 2020). The models on aver-
age achieve an R? score of .630 on training samples and
.580 on unseen test samples after 100 rounds of fivefold
cross validation.

There were 1.5% of words that had no associated
word vector. These words were imputed with the mean
imageability After the imputation was complete, the data
set includes 56,419 words across 7,719 utterances.

Supervised Machine Learning
Classification Models

Following imputation, we utilized a variety of super-
vised machine learning classification models. Supervised
machine learning models are trained using data samples
that include input features and an output label. A classifi-
cation model specifically assigns a class label to the data
(e.g., a certain word is an adjective). Our models were
designed to determine the likelihood that an intended tar-
get word results in a paraphasia using person-level and
word-level features. Specifically, our person-level features
included age, aphasia severity (very severe, severe, moder-
ate, mild), aphasia duration, aphasia type (fluent or non-
fluent), and presence of apraxia or dysarthria. Our word-
level features included part of speech, word frequency,
imageability, syllable count, and location within the utter-
ance. For our word-level models, the word-level features
of only the target word were included. For contextual
models, the same word-level features of the surrounding
words were included in the model as well.

We focused on models that balance predictive power
with interpretability. A model with high predictive power
can represent more complex mathematical relationships
between input features and predicted class. An interpret-
able model is one that produces an understandable con-
nection between the features and the output. For example,
a deep learning model has high predictive power, but it is
currently very difficult to produce meaningful or clinically
relevant interpretations of these models. A logistic regres-
sion algorithm is strongly interpretable, but it cannot rep-
resent feature interactions or nonlinear relationships, so it
has weak predictive power.
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One of the more interpretable classifier models is
called a decision tree (Charbuty & Abdulazeez, 2021). A
decision tree model consists of a set of decision nodes and
a set of prediction nodes. Each decision node contains a
simple comparison function of one of the features. For
instance, if one of the features is “age,” a node may con-
tain the comparison “age > 50.” The nodes are connected
such that each outcome of the comparison of a node leads
to another node. Decision nodes at the end of the tree
lead to prediction nodes, which contain the model’s pre-
diction for the input. The first decision node in a tree is
the root of the decision tree. When the input features are
provided to the model for prediction, the root decision
node comparison is checked, and then a path is taken
down the tree to a prediction node.

We use a binary decision tree so that each decision
node has exactly two paths out, and we use a limit to the
maximum depth of the tree to a path length of eight deci-
sion nodes, which improves the generalization of the
model. The tree can be interpreted by observing the deci-
sion nodes as a sample takes a path through the tree. A
measure of the importance of each feature can be calcu-
lated using Gini importance, an algorithm that performs
an average of the decrease in uncertainty that results from
samples passing through a decision node weighted by how
many samples pass through the node, attributing each
score to the feature being compared at the node.

Decision trees are highly interpretable models, but
there are many techniques that generalize to stronger pre-
dictive models. Random forests are an ensemble method,
meaning they are composed of smaller models. Random
forests train multiple individual decision tree models and
use the plurality vote of the decision trees for a prediction
(Ho, 1995). To promote a diverse view of the set of fea-
tures, the trees are constrained to use a randomly selected
subset of the features (we used a subset with size equal to
the square root of the total feature set). To promote a
diverse view of the data set, the random forest utilizes

Figure 1. Fivefold cross-validation.

bagging during training, a process that samples the data set
into multiple randomized overlapping subsets to improve
the ensemble (Brieman, 2001). The combination of decision
trees results in a model that generalizes better to new sam-
ples. However, the model can no longer be interpreted by
simply observing a single path through a tree. It is still pos-
sible to estimate the importance of a feature using the aver-
age Gini index across all of the decision trees.

Training

In all models, 80% of the data were used for training
purposes, meaning the decision trees were given all informa-
tion available for those utterances as well as which instances
were errors. The final set of features provided includes per-
sonal, diagnostic, and word-level features. The result is then
a model that automatically determines the likelihood of a
word being a paraphasia in each utterance of the narratives
of PWA. The remaining 20% of the data were used for test-
ing the model. All of the input features were provided just
like in the training set, but now the trained classifier model
uses the information it has learned about the relationship
between input features and output classification to determine
whether a word in the new data set is likely to be in error.

We utilized a fivefold analysis, meaning that the train-
ing and testing process used five randomized folds, or sub-
sets, of the data, with a different testing data set each time
(see Figure 1 for an example of the cross validation of this
study). This yielded random forest models with a different
training and testing set each. This process was repeated for
100 different randomized folds for a total of 500 models.

Results
Participant Data

Of the individual transcripts of Cinderella retellings
provided by the AphasiaBank, the transcripts of 236

ALL WORDS

Training Data (80%)

Fold 1 Fold 2 Fold 3 Fold 4 roids [
Fold 2 Fold 3 Fold 4 Fold 5 Split 1 score
Fold 1 Fold 3 Fold 4 Fold 5 Split 2 score
Fold 1 Fold 2 Fold 4 Fold 5 Split 3 score
Fold 1 Fold 2 Fold 3 Fold 5 Split 4 score
Fold 1 Fold 2 Fold 3 Fold 4 Split 5 score
Final score

Mean of split ‘
scores
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PWA met eligibility criteria. However, one individual’s
transcripts included only unusable utterances, so the final
number of PWA included in the analyses was 235. Of
these individuals, 97 were women and 138 were men, with
an average age of 61.7 years (SD = 12.4 years). The
majority of participants acquired aphasia from a stroke.

In these analyses, we used the diagnostic labels pro-
vided in AphasiaBank to classify aphasia type. We
included 104 individuals with fluent aphasia, 105 with
nonfluent aphasia, and 26 with no classification and/or an
unknown classification (see Table 1 for demographic
information and Table 2 for diagnosis related information
of the PWA).

Word-Level Models

The data yielded 56,419 words, of which 2,037
(3.6%) were paraphasic errors. This included 964 semantic
paraphasias, 657 phonemic paraphasias, and 416 neologis-
tic paraphasias. Of the errors without replacements, 1,627
replacements came from AphasiaBank, while the rest were
manually imputed. This included a total of 410 errors
determined through the manual imputation process, of
which 248 were semantic errors and 162 were neologistic
errors. Table 3 describes the features of the words
included in the data set.

We use a receiver operating characteristic (ROC)
curve to test the effectiveness of our decision tree classi-
fiers and random forest models. Specifically, we measured
effectiveness as an average of the area under the curve
(AUC) of the ROC curve of the 500 models. An AUC of
0.5 suggests a classifier no better than random chance,
whereas an AUC of 1.0 suggests a perfect classifier (i.e.,
100% sensitivity and 100% specificity in determining
whether a word is an error). For the target word level,
our decision tree model achieved an AUC of 0.860. Our
random forest model, with a maximum depth of 8,
achieved the highest AUC of 0.896 at the word level (see
Figure 2). We repeated the analysis with a random forest
model of unlimited depth with little change in perfor-
mance (AUC of 0.894; see Table 4).

Table 3. Features of words included in models (N = 56,419).
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When using the random forest model with maxi-
mum depth of 8 on test data, we selected an error classi-
fication threshold that balances sensitivity with specific-
ity. This model achieved an average specificity of 0.802
and sensitivity of 0.813. When assessed based on error
type, we find that the sensitivity for semantic paraphasias
was 0.821, the sensitivity for phonemic paraphasias was
0.764, and the sensitivity for neologistic paraphasias was
0.872.

From our best model (i.e., the random forest model
with a maximum depth of 8), we examined the most
salient features from person-level (demographic or diag-
nostic features) and/or word level (e.g., imageability) fea-
tures that influence paraphasic errors. We used mean
decrease Gini impurity to measure feature importance.
This feature importance method attributes the decrease in
the Gini impurity index caused by each node to that
node’s feature, taking a weighted average based on how
much training data were sorted using that path through
the tree. The results for each feature are normalized to
sum to 1 (Scornet, 2023). The most salient features, in
order of importance, were word frequency, imageability,
part of speech, age, severity, and syllable count, followed
by aphasia duration, location of word, status of apraxia,
type of aphasia (e.g., fluent), and status of dysarthria (see
Figure 3). Of those, a separate multiple logistic regres-
sion on all data to determine directionality of the vari-
ables found that longer syllable count, greater imageabil-
ity, certain parts of speech (i.e., nouns, pronouns, adjec-
tives, determiners, verbs, prepositions, adverbs), and
position later in the utterance were related to greater
likelihood of error, while higher frequency and other
parts of speech (i.e., infinitives, onomatopoeias, interjec-
tions, complementizers, auxiliary verbs, and conjunc-
tions) were related to lower likelihood of error. As part
of the same multiple logistic regression model, the
person-level features that were related to increased likeli-
hood of error include more severe aphasias, greater age,
nonfluent aphasias, and presence of apraxia and/or dys-
arthria, while longer duration of aphasia reduced the
likelihood of error.

Word-level feature
numerical values

Possible values for categorical variables or range for

Mode for categorical values/average for numerical
values

Part of speech

Adjective, adverb, auxiliary verb, complementizer, Verb
conjunction, determiner, infinitive, interjection,
noun, onomatopoeia, preposition, pronoun, verb

Location 0-68 5.89
Imageability 195-657.58 337.99
Frequency 0-0.0537 0.0086
Syllable count 0-8 1.22
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Figure 2. Receiver operating characteristic curve of the random
forest model, maximum depth of 8 (word-level model). AUC = area
under curve.
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Contextual Models

Our contextual model determines paraphasias based
on features of the speaker, the intended word, and the fea-
tures of the surrounding words. When given information
about the target word and the psycholinguistic features of
surrounding words (with varying window sizes; see Table
4), AUC ranged from 0.881 to 0.899, which suggests these
models are not inherently stronger models than those that
include the target word features without word-level fea-
tures of surrounding words. Notably, the only context-
based model that outperformed the word-level model was
the random forest model with unlimited depth that
included information about the target word, as well as the
word before and after that word. This model resulted in
an AUC of 0.899 (compared to the target word only
model with an AUC of 0.894). As a follow-up analysis,
we developed models that could determine the presence of
a paraphasia when given the surrounding words and their

respective psycholinguistic features, but not given the fea-
tures of the target word itself. When given the single word
before and after the target word, our decision tree model
achieved an AUC of 0.687. This rose to an AUC of 0.744
with a random forest model with a maximum depth of 8
and an AUC of 0.737 with a random forest model of an
unlimited depth. Models that expanded the window to
two words before and after or three words before and
after the target word performed similarly (with AUC of
0.743 and 0.745, respectively). The model performance
was poorer when given information only about words pre-
ceding the target word, with the best model being the ran-
dom forest model with a maximum depth of 8 that used
the words in the —2 and —1 position relative to the target
word (i.e., the two words preceding the target word). This
model resulted in an AUC of 0.729.

Discussion

In this study, we explored how personal, clinical,
and psycholinguistic features could be used to determine if
a target word was likely to be produced in error by a per-
son with aphasia during a narrative language task. Our
most accurate models (yielding an AUC of 0.897 and
0.899) were those that learned from the target word itself
or from the target word plus the features of the single
words that surrounded it, respectively. Training on addi-
tional information from more distant words in the utter-
ance did not improve the model. Additionally, models with-
out the target word information but with the information
about words leading up to the target word yielded a maxi-
mum AUC of 0.729. This is not as successful as the models
with target word information but does suggest that, even in
the absence of a known target word, contextual informa-
tion can help predict the production of paraphasias. This
highlights the possibility of automated technologies that
could utilize predictive language capabilities to support tar-
geted, augmented communication in instances of likely
paraphasic production.

Our decision to introduce word features was influ-
enced by recent findings in aphasiology that provide

Table 4. Area-under-curve values for random forest models with various window sizes.

Window of words around target word included in analysis

Model 0...0 -2...0 -1...1 -4...0 -3...1 -2...2 -3...3
Random forest model with maximum depth of 8 0.896 0.885 0.890 0.882 0.887 0.886 0.886
Random forest model with unlimited maximum depth 0.894 0.888 0.899 0.881 0.892 0.893 0.890

Note. The target word is labeled as 0. The word before the target word is -1, and the word after the target word is 1. All windows are
inclusive. For example, a window of -3 to 1 would include the three words before the target word, the target word, and the first word follow-

ing the target word.
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Figure 3. Feature importance for the random forest model with a
maximum depth of 8. POS = part of speech.
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evidence for the connection between word-level features
(e.g., imageability) and the likelihood of that word
being an error. For example, our finding that part of
speech, among other features, is related to error produc-
tion is similar to the findings of Malyutina and Zelenkov
(2019). They found that the structure of verbs, specifi-
cally the number of arguments, affected error produc-
tion (e.g., intransitive verb included in the phrase “he
jumps” requires less information than the transitive verb
“he bakes,” which has a direct object). They also found
the effects of this underlying feature were consistent
across people with fluent and nonfluent aphasia but dif-
fered at the word versus sentence level. This newer
research into sentence-level production supported our
decision to expand error detection from the word level
to the utterance level, as the interaction of word fea-
tures may affect the likelihood of a word being an error.
Like Malyutina and Zelenkov (2019), we found a
change in feature importance when expanding from tar-
get word models only to those with contextual informa-
tion from surrounding words, or when using models
with only the contextual information. For example, in
models relying only on contextual information and not
the target word itself, the presence of a determiner
before a target word leads to increased likelihood of
error in the next word (see Supplemental Material S1).
Our automatic detection of the most salient features
driving errors in PWA can aid clinicians in selecting
effective therapeutic words for improved communica-
tion outcomes. For example, word frequency, image-
ability, and part of speech are the word features that
were most salient in predicting whether a word will
likely be a paraphasic error. Thus, these features could
be systematically manipulated to target words that are
most at risk for errored production and most likely to
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have a functional impact on the production of those
with aphasia. Following this line of thought, newer
studies in aphasia treatment are exploring the interac-
tion between word-level features and treatment targets
(Bailey et al., 2020). Researchers sought out to see the
effects of targeting verbs with low concreteness (low image-
ability), or how easily word can be pictured, and found
increased retrieval with targeted verbs that extended to
untreated verbs. In this way, they demonstrate how strate-
gically targeting the features that can increase the likeli-
hood of errors can create more effective treatment
approaches, thus aiding functional communication.

Applications

The findings of this study could be applied in several
unique ways. Our model determined underlying features
that are driving the word-level errors common in aphasia.
Furthermore, it showed how machine learning can be a
tool to sift through the complexities found within natural,
disordered speech on a larger scale than is manually feasi-
ble during a traditional evaluation or therapy session. The
56,419 words used for this study were within sentences
that were often incomplete, unintelligible, or agrammatic.
This challenged us to apply statistical tools of natural lan-
guage processing as preselected features were presented to
successfully analyze patterns in disordered speech. Eventu-
ally, creating more efficient, real-time models could serve
as a diagnostic tool for clinicians to systematically identify
error patterns in the speech of PWA at a higher rate and
with more nuanced word-level characteristics.

Within existing and capable predictive output sys-
tems, such as high-tech augmentative and alternative com-
munication methods, our automatic analysis could eventu-
ally be refined and used to create reliable predictions of
likely intended words. This predictive system could aid in
reducing communication breakdowns between PWA and
their communication partners. Over time, the use of
machine learning models with accurate medical data, such
as speech samples, could lead to a more accurate language
recovery profile for a person with aphasia.

Limitations

The primary limitation of this study is driven by the
adaptation of techniques based on natural language
models to disordered speech. There is limited research in
interdisciplinary studies of this nature, which challenged
us to rationalize decisions at several stages of this study.
For example, the use of decision tree classifiers meant that
we needed the intended word and features for all utter-
ances included in the study, which proved difficult with
often unintelligible or limited speech. Additionally, we
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used large databases (Coltheart, 1981) for features that could
not be acquired from AphasiaBank alone and found that there
was still a large quantity of words without corresponding fea-
tures. This was a fundamental issue we had to resolve with the
use of regression imputation techniques (i.e., using existing
data to predict the likely value of the feature for a new word)
to successfully advance the study. Overall, missingness values
evoked several questions about the best approaches regarding
imputation strategies for our purposes.

Furthermore, another limitation of our current sys-
tem is its reliance on manual transcriptions. For example,
our use of the AphasiaBank narratives was made possible
by the trained interviewers who recorded and transcribed
interviews, along with the added, standardized language
tags. Additionally, our manual imputation strategy for
missing target words required us to listen to each unintelli-
gible neologism and semantic paraphasia without replace-
ment to create clean utterances with the likely intended
words. Clinically, real-time and continuous transcriptions
are unrealistic due to time constraints. In research, it can
also be time-consuming to create clean transcripts when
working with large sets of data. As a result, our study is
limited by its replicability in clinical settings. However, the
findings of the study can inform clinical practice by focus-
ing on the role that salient features such as frequency and
imageability play to help inform interventions, even if the
specific transcribing is not feasible for a particular client.

Directions for Future Studies

Our current approach to analysis could be expanded
in several ways. First, we could explore additional window
sizes (i.e., adjusting the number of words before and after
a target word) to determine if window sizes outside of
what we tested within the current models can improve
model performance. Additionally, we only explored ran-
dom forest models with either a maximum depth of eight
decision nodes or unlimited decision nodes. We could
explore additional model options to optimize performance.
Finally, we could incorporate sentence-level characteristics
(e.g., average word frequency) as a feature to provide
additional contextual information.

Future study could approach our broader problem
in several different ways. We currently evaluate the likeli-
hood that a target word results in a paraphasia when
given a single word and its preselected features as well as
surrounding words and their preselected features. We have
not explored the impact of providing a machine learning
model with longer utterances or entire speech samples.
Our current approach is building the groundwork for the
expansion of future work in this regard. This would also
involve creating imputation strategies for part of speech of
word errors without replacements.

Additionally, future work could also consider moving
beyond determination of errors and creating a system that can
determine the likelihood that a particular error is a semantic,
phonemic, or neologistic paraphasia. Previous studies have
found that automatic classification is possible for phonemic
versus neologistic paraphasias (Adams et al., 2017), but no
study to date has attempted to automatically classify all types
of paraphasias at the discourse level. The inclusion of addi-
tional available data in the AphasiaBank, such as audio and
visual recordings, could lead to more nuanced approaches
within language models and possible improved outcomes.

The most exciting direction of future work is the cre-
ation of a machine learning system that can use clinical,
psycholinguistic, and person-level features to predict the
most likely word the speaker intended in place of a para-
phasia. While our current system relies on manual entries,
or a “best guess” approach, a more instantaneous system
could potentially aid in communication and/or create more
functional screeners for PWA. Lastly, our findings are
bound to a highly contextualized narrative task, the Cinder-
ella story. Future work should follow the work of Salem
et al. (2023) by applying machine learning principles to
novel, decontextualized utterances to increase the generali-
zation and overall clinical applicability of findings.

In conclusion, the information garnered by this study
revealed ways that machine learning can determine, with
high accuracy, the likelihood of a word produced by PWA
being an error. Through use of decision trees, random forest
models, and hybrid imputation strategies, our study deepens
understanding of the driving features of error productions in
PWA and point to potential clinical applications that can
lead to more effective interventions, and resulting communi-
cation, for PWA. The study also highlights how machine
learning techniques can support the development of further
models for speech and communication applications.
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