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Abstract—Traditional in-person therapy may be difficult to
access for individuals with aphasia due to the shortage of speech-
language pathologists and high treatment cost. Computerized
exercises offer a promising low-cost and constantly accessible sup-
plement to in-person therapy. Unfortunately, the lack of feedback
for verbal expression in existing programs hinders the applicability
and effectiveness of this form of treatment. A prerequisite for pro-
ducing meaningful feedback is speech intelligibility assessment. In
this work, we investigate the feasibility of an automated system to
assess three aspects of aphasic speech intelligibility: clarity, fluidity,
and prosody. We introduce our aphasic speech corpus, which con-
tains speech-based interaction between individuals with aphasia
and a tablet-based application designed for therapeutic purposes.
We present our method for eliciting reliable ground-truth labels
for speech intelligibility based on the perceptual judgment of
nonexpert human evaluators. We describe and analyze our feature
set engineered for capturing pronunciation, rhythm, and intona-
tion. We investigate the classification performance of our system
under two conditions, one using human-labeled transcripts to
drive feature extraction, and another using transcripts generated
automatically. We show that some aspects of aphasic speech
intelligibility can be estimated at human-level performance. Our
results demonstrate the potential for the computerized treatment
of aphasia and lay the groundwork for bridging the gap between
human and automatic intelligibility assessment.

Index Terms—Aphasia, apraxia, acoustic modeling, clinical
application, machine learning, speech intelligibility assessment.

I. INTRODUCTION

A PHASIA is a common neurological disorder resulting
from damage to brain areas that are associated with lan-

guage, and possibly other areas responsible for cognitive fac-
ulties such as memory, attention, and executive functioning.
Aphasia affects approximately one million people in the US
and 180,000 are projected to acquire it every year in 2020, usu-
ally from a stroke.1 Aphasia may cause impairments in several
aspects of language, including writing, reading, listening, and
speaking [1]–[3]. The verbal output produced by persons with
aphasia (PWAs) may be difficult to understand due to language
problems such as paraphasias, omitted words, or inaccurate sen-
tence formulation. Aphasia is often concomitant with motor
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control disorders such as apraxia and dysarthria, which may
cause articulation distortion and atypical prosody in addition to
aphasia-induced language impairments. Aphasia has profound
effects on the lives of affected individuals. PWAs frequently
experience social isolation as a consequence of communication
difficulties, constant frustration, and inability to express one’s
thoughts and feelings [4].

Typical treatment for aphasia involves individual therapy with
speech-language pathologists (SLPs). Previous research sug-
gested that therapy must attain a certain level of frequency and
intensity to remain effective [3], [5], [6]. Unfortunately, this
requirement is difficult to satisfy for many PWAs for various
reasons, including but not limited to financial limitation, travel
cost, scheduling constraints, shortage of SLPs, and health is-
sues. Computerized treatment offers a promising addition to
in-person therapy [7]–[10]. However, most software programs
designed to assist with the verbal expression aspect of apha-
sia are unable to provide the type of feedback administered by
SLPs or caregivers [3]. This lack of feedback prevents PWAs
from self-monitoring their verbal output and may cause PWAs
to develop bad habits over time if they have infrequent or no
interaction with SLPs.

As a first step toward enabling effective self-directed, in-
home exercises, we aim to apply speech assessment and ma-
chine learning techniques to automatically quantify multiple
aspects of aphasic speech intelligibility. These objective mea-
sures will let PWAs self-monitor their verbal output as well as
help SLPs decide on appropriate therapy choices. The system
has the potential to improve the efficacy of in-home practice and
assist with traditional therapy as needed. In this work, the term
aphasic speech denotes a PWA’s verbal output, which can be
modulated by motor control disorders, for example, apraxia and
dysarthria. Speech intelligibility refers to the perceptual quality
of aphasic speech, which can be affected by both language and
speech impairments.

We have shown in previous work that when coarse human-
labeled transcripts are available, our system was able to achieve
human-level performance in this task by performing appropriate
feature extraction and selection, while using a novel reference
alignment algorithm for matching aphasic speech with healthy
speech [11], [12]. A major bottleneck of our previous work is the
requirement for human-labeled transcripts, which can be costly
to obtain in real time.

In this paper, we improve upon our previous work by
revising our methodology for eliciting ground-truth labels
from the perceptual judgment of non-expert human evaluators.
This results in a higher human agreement level and improves
the quality of training data. We also remove the dependence
on human-labeled transcripts by introducing an automatic
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Fig. 1. System diagram for estimating speech intelligibility.

transcript generation pipeline. The output of this system
replaces the manually labeled transcripts used in previous work
and serves as a preprocessing step for feature extraction. Fig. 1
shows an overview of our system. Lastly, we augment our
existing feature set with new and clinically-motivated features
to better capture speech intelligibility.

The contributions of our work are five-fold. Firstly, our sys-
tem’s novel application to aphasia has the potential to greatly
benefit the well-being of PWAs by enabling self-directed
practice with automatic feedback. Secondly, we present a
set of data collection and annotation methodologies, which
will help inform future studies on automatic assessment of
aphasic speech. Thirdly, we introduce forced-alignment-based
techniques for automatic transcript generation that perform well
on aphasic speech in spite of limited data and atypical speech
input. Fourthly, we describe our novel feature set specifically
engineered to capture speech intelligibility. Lastly, our detailed
analysis of classification performance and feature relevance
uncovers the research problems that need to be solved in order
to bridge the gap between human and automatic intelligibility
assessment, along with possible approaches to tackle them.

II. BACKGROUND AND RELATED WORK

A. Aphasia and Apraxia of Speech

Aphasia can be broadly divided into two groups, fluent
(receptive) and non-fluent (expressive), based on the type of
speech-language impairment exhibited by its subjects. Non-
fluent aphasia is characterized by slow, halting, and fragmented
speech. Those with fluent aphasia, by contrast, typically pro-
duce sentences that contain jargon and can be void of meaning.
Common verbal expression difficulties in both types of aphasia
include phonemic errors and speech disfluencies [13], [14].
Aphasia is often co-morbid with apraxia of speech (AOS) [15]
and dysarthria (less common). Both are motor speech disorders
that directly impair speech production and may cause articu-
lation distortion on top of aphasia-induced language problems.
Nine out of 17 PWAs targeted in this work have AOS, while only
one has dysarthria. We therefore focus on AOS in this section.

While aphasia is related to impairments in language networks,
AOS results from impairments to motor networks. AOS is typ-
ically characterized by errors at the phoneme-level, including
sound substitutions and/or distortions for both consonants and
vowels, impaired fluency, and atypical prosody [13], [16]–[18].
AOS can also cause the production of speech described as trial-
and-error groping, resulting in frequent restarts and repetitions
of sounds and syllables [19]. AOS also commonly affects the

temporal prosody of speech, resulting in slow speech with pro-
longed vowels and consonants [20]. A PWA’s verbal output may
appear impaired due to aphasia-induced language problems such
as word retrieval and sentence formulation difficulties, or speech
production issues caused by AOS, dysarthria, or both.

Typical treatment for aphasia involves individual therapy with
SLPs. Among the most important factors for aphasia therapy
are the frequency and intensity of practice. Previous research
suggests that high-intensity treatments are more beneficial than
low-intensity ones [3], [5], [21]. In addition, treatments must
meet a minimum level of frequency and intensity to see any
positive effect at all [6]. Significant improvements from aphasia
are typically observed in the acute post-onset period; however,
recovery can continue indefinitely with appropriate treatment
and/or dynamic interactions with one’s environment [3]. This
result helps motivate the development of a low-cost and
highly accessible therapeutic application capable of providing
meaningful feedback.

B. Speech-Based Assessment for Aphasia

Several previous works have tackled the problem of pro-
cessing aphasic speech for therapeutic and diagnostic purposes.
Abad et al. [22] used keyword spotting to recognize phrases
spoken by PWAs during word naming exercises. Their work
targeted PWAs who have word-finding problems but no diffi-
culties with auditory comprehension or speech-language pro-
duction. In contrast, our subjects reflect the more typical PWA
as they often have difficulties in both. Further, their work aims to
recognize spoken words, while ours attempts to estimate speech
intelligibility. Other works focused on the medical diagnosis for
subtypes of aphasia and related disorders [23]–[25], unlike ours
which targets rehabilitation. Our previous works addressed this
problem but used human-labeled transcripts as input to feature
extraction [11], [12].

Previous works on pathological speech assessment used word
error rate (WER) from an automatic speech recognition (ASR)
system to estimate a speaker’s intelligibility [26], [27]. The
primary challenge of applying this method to our work is the
atypical speech output produced by PWAs, which makes un-
constrained ASR challenging. We address this problem by per-
forming acoustic model adaptation and forced alignment using
a recognition network generated dynamically from the speech
prompt. Other studies estimated intelligibility by extracting
phonemic and phonological features from speech [28], [29].
This approach requires a phonetically diverse set of utterances
from a single speaker and therefore has limited applicability
to our task which performs utterance-level analysis. Kim et al.
used sentence-level prosody, voice quality, and pronunciation
features for intelligibility classification [30]. Their work made
use of statistics from the patient’s data alone, which can limit the
usefulness of the features in our case because of the variability
in aphasic speech. We address this issue by analyzing the de-
gree of deviation between a PWA’s speech and healthy speech,
making the resulting features more appropriate for intelligibility
estimation. Berisha et al. proposed a method to select acoustic
features that correlate with SLPs’ ordinal ratings of dysarthric
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speech [31]. By contrast, our work uses categorical ratings of
aphasic speech.

C. Speech Intelligibility Assessment

An important problem in our work involves constructing
ground-truth labels for speech intelligibility from human eval-
uators. This task is traditionally performed by expert listeners,
or SLPs in our work. However, the limited availability of SLPs
makes it difficult to carry out this task at a large scale. The alter-
native is to leverage the opinions of non-experts. Previous work
has shown that with appropriate elicitation techniques, untrained
listeners can estimate speech intelligibility close to expert-level
judgments [32]. It has been suggested that SLPs may be overly
familiar with disordered speech and tend to assign higher scores
than non-expert listeners, a phenomenon commonly referred to
as the “familiarity effect” [33]–[35].

Ease of listening, a 5-point Likert scale, has been employed
to elicit perceptual measures of dysarthric speech intelligibility
from naive listeners [35], [36]. Alternative approaches include
using continuous [37] or similarity [31] labels. We adopt the
Likert scale in this work because it is more in line with SLP
scoring practices and is still the most common choice for hu-
man perceptual studies. It is often good practice to provide
listeners with representative speech samples and their resulting
intelligibility scores, which will allow raters to calibrate their
internal scoring system and yield higher inter-rater agreement
level [34], [38]. In this work, we also use representative speech
samples to ground the expectation of human evaluators.

D. ASR for Disordered Speech

Recognition of disordered speech is challenging for various
reasons, including abnormal speech patterns [39], speaker vari-
ability [40], and data scarcity [41]. Traditional acoustic mod-
eling and adaptation methods are therefore difficult to apply to
disordered speech. One way to handle the lack of training data is
to leverage external speech through out-of-domain adaptation.
Christensen et al. used a deep neural network (DNN) acoustic
model trained on the more abundant out-of-domain speech to
generate additional features for training the in-domain model
[42]. Systematic pronunciation errors can be accounted for by
dynamically augmenting the dictionary with alternative pro-
nunciations [43]. Similarity-based speaker selection for acous-
tic modeling is another promising approach to handle speaker
variability, especially for those with moderate to severe speech
impairment [44].

Existing works on ASR for disordered speech mainly focus
on single-word recognition, whereas our work deals with
disordered continuous speech, which has remained relatively
under-explored in the literature. Relevant works include that
of Abad et al., which presented a keyword spotting system
for PWAs [22], and Black et al., which used manually crafted
recognition networks for detecting disfluency in single-word
reading tasks [45]. In this paper, we perform out-of-domain
adaptation on DNN acoustic models, and adopt the restricted
recognition network approach used in [45] to enable automatic
transcription and alignment of aphasic speech.

Fig. 2. Screenshot of an exercise with predefined options.

III. DATA COLLECTION

A. Aphasic Speech Corpus

1) Mobile Application: We developed a mobile application
designed to run on Android tablet devices for the purpose of
data collection and speech-language therapy. The application
was designed using an iterative process in which feedback from
PWAs and SLPs at the University of Michigan Aphasia Program
(UMAP) shaped the interface and functioning of the system.
In the application, users are presented with a picture stimu-
lus, along with optional predefined word options, and asked to
verbally produce a sentence to describe the picture. The sen-
tence must contain a subject, verb, and object. Sentences of
this form can be thought of as Main Concepts of the picture
being presented [47]. The application features exercises primar-
ily targeting sentence formulation while also allowing users to
work on word-finding, use of verb tenses, and repetition and
articulation of target words and phrases, to ultimately facilitate
expressive communication. It is intended to be used by PWAs
for home practice, as well as by SLPs and PWAs together in
therapy sessions as stimuli for speech-language activities using
functional, evidence-based treatment techniques such as verb
network strengthening treatment [48].

All speech output is recorded using the tablet’s built-in mi-
crophone, sampled at 44.1 kHz. Fig. 2 shows a sample exer-
cise with predefined word options. The application operates at
the sentence level, which was suggested to be more beneficial
than word-level exercises for recovering communication skills
in highly routine conversational tasks [7], [49]. The difficulty
level can be adjusted through the application interface. We also
utilize text-to-speech with configurable speech rate to provide
auditory feedback in addition to visual and textual information
as our users may have difficulties with reading and/or auditory
comprehension. The information gathered from this application
is beneficial for both the PWAs in self-monitoring and the SLPs
in determining the appropriate course of treatment. It is also a
valuable data source for aphasic speech modeling since the col-
lected dataset contains not only speech samples but also their
recording context.

2) Collection Methodology: We recruited 17 individuals at-
tending UMAP who have aphasia and do not have cognitive
impairment for this study. UMAP offers an intensive therapy
program which, for full-time clients, typically involves 24 hours
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of speech-language therapy a week for four weeks. Each study
subject was screened and recommended by the assigned pri-
mary SLP in UMAP. A team of research staff interacted with
each individual for an average of 30 minutes a day, three days a
week for up to three weeks. During these sessions, the research
staff provided support, as needed, while the participants com-
pleted the exercises on our mobile application. The research
team consisted of undergraduate and graduate students who
received training from UMAP staff regarding how to assist in-
dividuals with aphasia.

Our goal was to collect speech recordings that best resemble
the type of data the application would have received from natural
interaction with the PWAs. Recordings were made in one of the
three classrooms at UMAP, depending on what was available at
the time. We adjusted the difficulty based on recommendations
from the SLPs and used the tablet’s built-in microphone for
all recordings. We collected two types of recordings based on
the PWAs’ severity and personal preference. The first is read
speech, in which PWAs assemble a sentence using predefined
word options (Fig. 2), and then read the sentence out loud. The
second is free-form speech, in which PWAs describe the picture
in their own words.

It should be noted that for the reading task, PWAs may not
reproduce the target sentence exactly. This may be caused by
difficulties initiating speech, word finding problems, repetition,
and various types of paraphasias. In this paper, we focus on read
speech because we can systematically make use of the target
prompts, which allow us to constrain the recognition problem
and make automatic transcript generation more feasible. Recog-
nition of free-form speech will be left for future work. Never-
theless, both types of speech will be used for acoustic modeling
to increase the amount of training data.

3) Detailed Analysis: Table I lists the age, sex, diagnosis,
amount of recorded data, and Aphasia Quotient (AQ) before
and after treatment at UMAP for each subject in our dataset.
AQ is a commonly used metric which measures the severity of
aphasia in a wide range of speech and language tasks [50]. AQ is
obtained using the Western Aphasia Battery-Revised (WAB-R)
assessment test [46]. According to the WAB-R’s AQ classifica-
tion, most PWAs in our dataset have moderate to mild aphasia.
The AQs and diagnoses are shown to demonstrate the hetero-
geneity of our dataset.

The corpus contains 1,685 read and 686 free-form utter-
ances, totaling approximately 5 hours of data from 11 male and
6 female PWAs with an average age of 58 ± 14. AOS was man-
ifested in 9 out of 17 speakers, while only one had dysarthria.
The speech patterns produced by our speakers differ greatly.
Some subjects have relatively intact pronunciation but exhibit
disrupted rhythm and prosody. Others display highly fluent
speech but impaired articulation. Many participants have trou-
ble pronouncing uncommon and phonetically complex words,
and/or producing verb tenses other than present continuous.
Each utterance contains on average 0.238 fillers (e.g., “um”,
“eh”) and 0.085 false starts (e.g., “d-dog”, “yes-yesterday”).
To summarize, our dataset contains a diverse collection of
speakers who have different impairments and exhibit a wide
range of speech patterns.

B. Healthy Speech Corpus

We hypothesize that comparing and contrasting how apha-
sic and healthy speech differ will lend insights into and en-
hance the process of modeling speech intelligibility. For this
purpose, we collected speech recordings from 14 native speak-
ers (7 males and 7 females) of American English who have no
speech-language impairment. The age range of this population
is 20 to 32, which is significantly lower than the subjects in our
aphasic dataset. In future work, we will collect healthy speech
data that better match the demographics of our aphasic corpus.

The data were recorded with the same device type and record-
ing algorithm used in data collection. We did not control the
recording environment of this corpus to simulate the condition
under which speech data would be obtained in actual application
usage. All speakers were asked to take the tablet and find a rel-
atively quiet space to perform the recordings in their own time.
Consequently, the recording environment may be varied both
across and within speakers. Healthy speakers were presented
with the same speech prompts given to PWAs, but the accompa-
nied picture and word options were not shown. These prompts
have significant repetitions of common words such as “he”,
“she”, and “the”, making the dataset phonetically unbalanced.
The corpus contains 10.5 hours of speech, 17,559 utterances,
and 86,596 instances of 527 unique words.

IV. DATA ANNOTATION

In this section, we describe how utterances in our aphasic cor-
pus are annotated. The annotation process consists of two tasks:
transcription and scoring. The first task provides word-level la-
bels for ASR training. The second task produces qualitative
sentence-level scores for modeling speech intelligibility.

A. Transcriptions

Each utterance (both read and free-form) is transcribed by a
member of the research staff. Transcription of each utterance
progresses in two passes. In the first pass, transcribers anno-
tate each utterance at the word level based only on audio data.
Transcribers are asked to mark sub-regions of the utterance as
vague when the speech content is not clear enough to reliably
decode and provide a guess for their content if possible. In the
second pass, transcribers go through each utterance again, but
this time using context information to help refine their guesses
for sub-regions previously marked as vague. The provided con-
text information includes the speech prompts and word options
shown to PWAs at recording time. Previous research has sug-
gested that constraining the transcription process, as was done
in our second-pass transcripts, can help resolve subtle differ-
ences in pronunciation among less intelligible speakers, whereas
the first-pass transcripts better approximate regular everyday
interaction [34].

The first-pass transcripts are used to extract training data for
acoustic modeling in ASR. Our preliminary experiments indi-
cate that excluding noisy data, i.e., speech regions that humans
cannot reliably decode, helps improve the recognition accuracy
of the acoustic model. Because transcribers do not have access
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TABLE I
SUBJECT BREAKDOWN OF THE APHASIC SPEECH CORPUS

ID Age Sex Diagnosis # of Recordings (minutes) Aphasia Quotient (AQ)

Aphasia Type Concomitant Read Free-form Pre-treatment Post-treatment

RM 65 Female Fluent Dysarthria 122 (9.5) – 94.6 95.6
JF 50 Female Non-fluent – 30 (4.3) 92 (12.6) 91.6 N/A
CC 33 Male Non-fluent – 131 (12.2) – 78.3 87.2
JR 70 Male Fluent – 105 (11.7) 270 (29.5) 75.7 87.8
RK 60 Male Non-fluent AOS 170 (27.8) – 75.4 78.6
CH 79 Male Fluent AOS 133 (14.3) – 69.1 80.3
AN 86 Male Fluent AOS 69 (6.2) 104 (11.5) 68.6 76.2
TP 48 Male Fluent AOS 89 (11.2) – 67.9 77.0
MH 35 Female Fluent – 84 (17.4) – 62.5 66.5
JE 70 Female Non-fluent AOS 121 (9.8) 68 (6.0) 61.2 71.2
KH 50 Male Non-fluent – 72 (8.8) – 59.5 71.9
DD 49 Male Non-fluent – 58 (9.4) 88 (14.4) 58.9 72.1
BW 66 Female Non-fluent AOS 49 (8.5) – 53.1 62.3
PT 55 Female Fluent AOS 112 (25.4) – 51.0 82.7
DB 68 Male Non-fluent – 81 (10.2) – 43.9 94.2
JT 49 Male Fluent AOS 112 (13.8) – 40.4 59.4
TL 50 Male Non-fluent AOS 147 (14.9) 64 (6.9) 34.6 50.6

WAB-R’s AQ Classification: 0–25 (very severe), 26–50 (severe), 51–75 (moderate), 76–100 (mild) [46].

to context information during this stage, they must rely more on
acoustic data as opposed to word priming to make a distinction
between vague and clear segments.

The second-pass transcripts are the targets for our ASR sys-
tem. These transcripts have the ability to capture what the PWAs
tried to say over speech regions with poor intelligibility. This
type of information allows us to model intelligibility at a greater
depth. For example, if we know that the PWA attempted to say
“is playing” in a given segment, we can compare its pronuncia-
tion, rhythm, and prosody to those of the same segment spoken
by a healthy control. These transcripts were the basis on which
various segment-level features were extracted in our previous
work [12].

B. Qualitative Scores

The goal of this annotation step is to obtain ground-truth
labels for speech intelligibility. With guidance from the
SLPs, we created three criteria for evaluating an utterance’s
intelligibility: Clarity, Fluidity, and Prosody. These criteria
capture the quality of pronunciation, the degree of fluidity,
and the monotonicity of speech, respectively. Each utterance
in our aphasic speech corpus is scored by at least three
members of the research staff, all of whom are native speakers
of American English without any auditory comprehension
deficit. The annotators only have access to the audio data of
an utterance; they do not see the identity of the speaker to
account for biases in judgment. Each category is scored on
a Likert scale of 1 to 4, where a higher score denotes better
quality. Annotators may assign a special label, “Not enough
data” if they deem that the utterance does not have enough
data for analysis. 169 out of 1,672 utterances were marked as
such by at least half of the annotators and are removed from
the dataset. During this process, annotators are provided with
utterances in random order and asked to rate one of the three
scoring criteria. They also have access to prototypical examples

Fig. 3. Distribution of speech intelligibility scores.

for each intelligibility score, defined as utterances that have
perfect score agreement drawn from the smaller dataset used
in our previous work [11], [12]. Similar techniques have been
used in other work to help annotators calibrate their ratings and
yield higher inter-rater agreement level [34], [38]. There is also
evidence in the literature that a group of non-expert listeners
can deliver close to expert-level assessments regarding speech
intelligibility [32]–[35]. Specific instructions given to the
annotators can be found in the Supplementary Information (SI).

Following [26], [45], we construct a “de-noised” set of
ground-truth labels by averaging the scores across all evalu-
ators and rounding to the closest integer. These ground-truth
scores represent the collective opinions and are used to train
our automatic classifiers. Post-hoc investigation of the ground-
truths reveals that the score “1” constitutes only 2.80%, 2.13%,
and 3.13% of Clarity, Fluidity, and Prosody labels, respectively.
As a result, we merge “1” and “2” together to make a new label
category. Fig. 3 shows the distribution of scores in our aphasic
speech corpus after merging.

We evaluate a classifier’s performance based on its un-
weighted average recall (UAR), i.e., the mean per-class
accuracy, to account for class imbalance. We can establish a
performance target and estimate the degree of human agreement
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TABLE II
DEGREE OF HUMAN AGREEMENT IN SPEECH SCORING WITH RESPECT TO THE

GROUND-TRUTHS, MEASURED BY AVERAGE AND STANDARD DEVIATION OF

UAR (%) AND LINEARLY WEIGHTED COHEN’S KAPPA

Clarity Fluidity Prosody

UAR 3-class 75.4 ± 4.5 70.9 ± 3.4 68.3 ± 5.5
2-class 82.3 ± 4.9 80.6 ± 3.6 78.2 ± 4.6

Kappa 3-class 0.66 ± 0.09 0.56 ± 0.07 0.50 ± 0.07
2-class 0.64 ± 0.10 0.62 ± 0.10 0.51 ± 0.10

by treating each evaluator as a classifier and computing its
UAR with respect to the ground-truths. Our ultimate goal is to
achieve human-level UAR with automatic classification.

We observe that the label “3” consistently has lower human
agreement across all scoring categories as it is often confused
with the other two labels, more so with “1+2”. We therefore in-
vestigate an additional labeling scheme by merging “1+2” and
“3” into a new category, in order to investigate the trade-off
between label granularity and classification accuracy. This also
results in a more balanced dataset and higher inter-rater agree-
ment than merging “3” and “4”. The resulting 2-class problem
is simpler in nature (separating low- and high-quality utter-
ances) and has more reliable ground-truths. A similar merging
approach was done in [30] to reduce a label from five to two
classes. Table II summarizes the degree of agreement between
human annotators in terms of UAR and Cohen’s kappa. As can
be seen, Clarity has the highest agreement level, followed by
Fluidity and Prosody.

V. AUTOMATIC TRANSCRIPT GENERATION

The goal of this step is to obtain a detailed transcript of what
was spoken by the PWA in a given utterance, including precise
alignments of words, syllables, and phones. This transcript is an
important prerequisite for extracting features relevant to speech
intelligibility classification.

A. Speech Preprocessing

For each utterance in our healthy and aphasic speech datasets,
we downsample the audio to 16 kHz and extract 13-dimensional
Mel-frequency Cepstral Coefficients (MFCCs) using a 25 ms
Hamming window with 10 ms frame step. Each MFCC frame
is augmented with the first and second temporal derivatives,
resulting in a 39-dimensional feature vector. Finally, the features
are z-normalized at the speaker level.

B. Acoustic Modeling

In this work, we have much more healthy speech compared
to aphasic speech for acoustic modeling. Counting only
speech frames from clear segments, healthy speech amounts to
9.1 hours whereas aphasic speech comprises only 1.7 hours.
Furthermore, we are interested in a speaker-independent
acoustic model to better understand how our system will
perform on an unknown speaker. Data from the aphasic corpus
will be further reduced as a result of leave-one-speaker-out

cross-validation. We adopt the out-of-domain adaptation ap-
proach, in which a model initially trained on the more abundant
out-of-domain (healthy) speech is adapted using a smaller
amount of in-domain (aphasic) data. Out-of-domain adaptation
on disordered speech has been employed successfully in [42],
where the adapted models outperform those trained only on the
in-domain data. Intuitively, this method helps alleviate the data
sparsity issue when training on aphasic speech alone.

State-of-the-art acoustic models typically involve a number
of Hidden Markov Models (HMMs), one for each phone, where
the emission probabilities are estimated using a DNN. Training
data for the DNN is usually obtained by using an initial acoustic
model based on Gaussian Mixture Model (GMM) to perform
forced alignment. In large-vocabulary continuous speech recog-
nition systems, the HMMs model context-dependent tied-state
triphones instead of individual monophones. However, when
there is limited speech data and the vocabulary is relatively con-
strained such as the case for our data, using monophone acoustic
models may be more appropriate. Our preliminary experiments
indicate that there is little improvement in performance when us-
ing triphone models, while the system complexity and training
time dramatically increase. As a result, we only train mono-
phone acoustic models in this work.

We follow the recipe in [51] to train a DNN acoustic model
on healthy speech, bootstrapped from a standard HMM-GMM
model trained with Maximum Likelihood, 3-state left-to-right
HMMs representing the 40 phones defined in the CMU lexicon,2

and 64 diagonal covariance Gaussians per state. We augment
each MFCC frame with 13 neighbors from both sides, padding
out-of-boundary elements with the nearest frame. We first gen-
eratively pretrain a Restricted Boltzmann Machine (RBM) with
two layers, 1024 units per layer, and sigmoid activation. Similar
to [51], we use a batch size of 128, L2 regularization weight of
0.0002, and learning rates of 0.002 for the first Gaussian-binary
layer and 0.02 for the second binary-binary layer. For each
RBM layer, pretraining terminates when the relative change in
reconstruction cost is less than 0.1%. RBM has been shown to
be effective for ASR when the dataset and/or the network is
relatively small [52].

We subsequently add a softmax output layer with 120 units
to the RBM and finetune the network using stochastic gradi-
ent descent to predict the HMM state label for each acoustic
frame. We use a batch size of 256, 0.5 momentum, and a small
L2 regularization weight of 0.00002. We employ an early stop-
ping approach for finetuning. 10% of acoustic frames from each
training speaker are randomly withheld to form a validation set.
The initial learning rate starts at 0.1. Once the change in valida-
tion error falls below 0.05% absolute, the learning rate decays
by half after every epoch. Finetuning will terminate when the
change in validation error once again falls below 0.05%. The
context window size (13), number of hidden layers (2), and
L2 regularization weight (0.00002) were selected with cross-
validation. Specifically, this combination of hyperparameters
minimizes the average leave-one-speaker-out phone error rate
(PER) on healthy speech.

2http://www.speech.cs.cmu.edu/cgi-bin/cmudict

http://www.speech.cs.cmu.edu/cgi-bin/cmudict
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TABLE III
SINGLE WORD RECOGNITION WER (%) ON THE APHASIC SPEECH

DATASET USING A UNIFORM WORD LANGUAGE MODEL

OVER ALL 592 UNIQUE WORDS IN THE VOCABULARY

Method 1-best 2-best 3-best

GMM (Healthy) 63.30 51.68 45.67
GMM (MAP) 55.62 43.01 36.60
DNN (Healthy) 48.48 35.78 29.89
DNN (Aphasic) 37.86 26.51 21.61
DNN (Adapted) 37.11 25.75 20.61

Total number of word instances: 8,564.

Finally, we adapt the healthy DNN acoustic model by retrain-
ing the network on aphasic speech using a similar finetuning
recipe with more conservative parameters. This can be viewed
as a form of discriminative pretraining. We adapt the model for
each speaker in the aphasic corpus using data from all other
speakers. We use a batch size of 256, no momentum, and a L2
regularization weight of 0.0001. A similar early stopping ap-
proach is adopted. 15% of data from each speaker is withheld to
form a validation set. The initial learning rate is smaller, starting
at 0.05. The initial learning rate (0.05), momentum (0), and L2
regularization weight (0.0001) were again selected with cross-
validation to minimize the average leave-one-speaker-out PER
on aphasic speech.

We perform isolated word recognition (IWR) on 8,564 word-
level segments extracted from the human-labeled transcripts to
evaluate our acoustic models. We use a unigram language model
with identical probability over all 592 words present in the tran-
scripts. The 1-best, 2-best, and 3-best WER for the unadapted
and adapted acoustic models are summarized in Table III. For
reference, we also include the performance of the original GMM
model trained on healthy speech, the GMM model adapted to
aphasic speech using maximum a posteriori (MAP) adaptation,
and the DNN model trained only on aphasic speech. The adapted
DNN model clearly outperforms both GMM models and the
unadapted (healthy) DNN. While the adapted DNN is not sta-
tistically significantly better than the aphasic DNN for 1-best
(paired t-test with per-speaker WERs, p = 0.068), it is signif-
icantly better for 2-best (p = 0.014) and 3-best (p = 0.008).
A more prominent gain may be achieved with a larger out-of-
domain dataset that matches the demographics of our aphasic
corpus more closely.

C. Forced Alignment

All speech utterances considered in this work are constrained
by the provided speech prompts. Each prompt consists of three
distinct parts: subject, verb, and object. A verb may be in one of
three tenses: present continuous (“he is driving a car”), simple
past (“he drove a car”), or simple future (“he will drive a car”).
Due to the language impairments associated with aphasia, PWAs
may not reproduce the target prompts perfectly. Speech errors
may include phonemic errors (e.g., sound distortion, substitu-
tion, omission), lexical errors (e.g., word repetition, substitution,
omission), insertion of fillers, and false starts. Nevertheless, the

Fig. 4. Extended recognition network for the prompt “he drove a car.” Op-
tional silence can be inserted between words. All outgoing edges have identical
weights. The dashed edge is optional and can be traversed at most once.

Fig. 5. Per-speaker WER using simple and extended forced alignment.
Speakers are sorted by increasing IWR WER.

speech prompts help significantly constrain the search space of
potential utterances.

In this work, we convert the speech prompt of each utter-
ance into a simple recognition network by connecting all words
in the prompt linearly, with optional silence in between. This
network allows us to perform forced alignment on the speech
input and obtain precise timing information for words, syllables,
and phones. In addition, we consider an extended form of this
network to account for common deviations from the prompts
by PWAs. We use the adverb “yesterday” or “tomorrow” in
the opening instruction for target verbs in the simple past and
future tense. These adverbs serve as indicators for making the
intended tenses clear and are not part of the prompt. However,
many PWAs prefer to include them in their speech as the adverbs
help them select the correct verb tense more easily. We account
for this in the extended network by allowing optional insertion
of the adverb depending on the target verb tense. We also make
sure that the simple present and present continuous tenses of the
verb are always included, given that a large number of PWAs
consistently fail to produce other verb tenses. Finally, we allow
the utterance to be repeated at most once to account for retries.
Fig. 4 shows an example extended network generated for the
prompt “he drove a car”.

Our preliminary experiments indicate that this forced-
alignment-based approach, though restricted, performs better
than n-gram language models due to the lack of aphasic acous-
tic data and atypical speech events, such as fillers, false starts,
and audible background noise. Fig. 5 shows the per-speaker
WER using simple and extended forced alignment (SFA and
EFA, respectively). Compared to SFA, EFA typically leads to
WER reduction for more intelligible speakers, but can produce
significantly worse results for less intelligible PWAs. This sug-
gests that it might be possible to systematically select the type
of forced alignment to use for each PWA based on diagnosis
or a simple word pronunciation test conducted beforehand. We
will explore this idea further in future work.

This method is also reasonably suitable for handling atypical
speech events, which are difficult to recognize directly due to
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lack of data. Using EFA, 76.1% of these events get absorbed
by the silence model. This is possible because the number of
non-silence tokens in the recognition network is finite, and the
likelihood obtained from matching these tokens to the correct
words is higher than matching them to atypical speech sounds.

VI. SPEECH INTELLIGIBILITY ASSESSMENT

A. Feature Extraction

Our features are grouped into four sets: Transcript, Pronun-
ciation, Rhythm, and Intonation. These sets extract high-level
information related to different aspects of speech intelligibil-
ity. All four sets rely on an utterance’s associated transcript,
which can be human-labeled (Oracle), or automatically gener-
ated using Simple or Extended forced alignment. This depen-
dency means that the accuracy of the transcript directly affects
the quality of the extracted features. We found that low-level
acoustic features such as intensity, jitter, shimmer, and zero-
crossing rate, did not work well on this dataset, possibly due to
the uncontrolled recording condition. For example, the distance
between a speaker and the tablet microphone may vary from one
utterance to the next, which directly affects intensity extraction.
We also found that using these low-level features in conjunction
with the other features did not offer any advantage. Baseline
classification results using the GeMAPS acoustic feature set
[53] can be found in the SI.

1) Transcript Features: We hypothesize that the transcripts
(both human-labeled and automatic) encode information about
the aspects of speech intelligibility that we seek to model. We
extract the following features for each utterance from its tran-
script: duration of non-speech, vague speech, and clear speech,
total duration, voiced duration, start time of first speech activ-
ity, and fraction of clear speech over total duration and speech
duration. We also extract long pause (>0.4 s) and short pause
(>0.15 s, ≤0.4 s) count [24], phonation rate, mean [54], me-
dian, minimum, maximum, and standard deviation of pause du-
rations. It should be noted that features involving vague speech
are only relevant when using human-labeled transcripts, as our
ASR pipeline does not currently recognize vague speech ex-
plicitly. For automatic transcripts, these features are set to zero
and will always be eliminated by feature selection. In total,
16 transcript features are extracted for each utterance.

The features mentioned above have been used in our previous
work [11], [12]. In this work, we extract additional features
inspired by diagnostic measures collected by UMAP SLPs
to analyze a PWA’s speech, namely the number of words
and syllables produced overall and per minute. We extract a
similar set of features for content words only to account for
the possibility that non-content words (e.g., “is”, “was”, “are”,
“were”, “the”, “a”, “will”) have lower impact on the perception
of speech intelligibility, given that they carry relatively less
meaning. Post-hoc analysis indicates that features for content
words are complementary and help improve classification
performance. 8 new features are added in total.

2) Pronunciation Features: Our first set of pronunciation
features are based on goodness of pronunciation (GOP), a com-
monly used metric first introduced by Witt and Young [55]. The

idea behind GOP is to calculate the difference between the aver-
age acoustic log-likelihood of a force-aligned phoneme and that
of an unconstrained phone loop. If this number is close to 0, the
pronunciation of this phone is more likely to be correct and vice
versa. Originally defined to compute the pronunciation score of
a single phoneme, GOP can be modified to accommodate an
arbitrary phone sequence:

GOP (p) =
1
N

log
P (O|p)

P (O|PL)
(1)

where p is the sequence of phones, O is the acoustic observation,
N is the number of frames, and PL is the unconstrained phone
loop. To obtain GOP for a word, we force align its speech over
all possible pronunciations to find the best phone sequence p.
P (O|p) and P (O|PL) can be rewritten as a product of HMM
transition probabilities and acoustic likelihoods, where the latter
are obtained by dividing the DNN output posteriors by state
priors.

We extract GOP scores for all words in an utterance by force
aligning the speech to its associated transcript using the DNN
acoustic model trained on healthy speech. Our preliminary ex-
periments indicated that the healthy acoustic model is better
suited for GOP computation than the adapted model, as evi-
denced by improved classification performance and informa-
tion gain with respect to the Clarity ground-truth labels. We
then weight the GOP scores by word durations, given our early
observations that duration-weighted features perform better in
classification, possibly because longer words have more impact
on the perception of the entire sentence. Finally, we extract the
mean, standard deviation, median, minimum, and maximum
word-level GOP scores to use as features for the utterance. We
repeat this process once more for content words only, based on
the idea that non-content words contribute less to the overall
perception of speech intelligibility. We also extract a similar set
of features at the phone level, which were previously shown
to provide complementary information [12]. In total, 15 GOP
features are extracted for each utterance.

In addition to GOP, which has been used in our previous
works [11], [12], we extract additional metrics based on ASR
results, motivated by similar features used in [26], [27] to assess
speaker-level intelligibility. We force align each utterance
with its associated transcript to obtain word boundaries. This
transcript may be automatically generated or human-labeled,
depending on the feature set version (Simple/Extended or Ora-
cle). We then report the 1-, 2-, and 3-best WER when performing
IWR on these segments using the adapted DNN acoustic model.
We additionally compute the error rates weighted by word dura-
tion, which may provide complementary information if longer
words have more impact on human perception. Post-hoc feature
analysis confirms this hypothesis. We expect that the error rates
will negatively correlate with Clarity scores. 6 new features are
added, increasing the size of the pronunciation feature set to 21.

3) Rhythm Features: Earlier work on rhythmic analysis for
language classification proposed features computed from the
target speech such as %V (average proportion of vocalic inter-
vals), ΔC and ΔV (average standard deviations of consonantal
and vocalic intervals) [56], and normalized pairwise variability
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index [57]. The efficacy of these metrics has been demonstrated,
but they are less suitable for our tasks because of two reasons.
These features are typically computed at the speaker level and
may not be stable enough for short utterances that contain con-
siderably less data. Furthermore, speech patterns across differ-
ent PWAs are highly variable, thus computing statistics on their
speech alone might not be conducive to generalization. More
recently, Tepperman et al. introduced pairwise variability error
(PVE), a metric that directly compares two speakers’ rhythms
[58]. Given duration profiles of a target and reference utterance,
denoted as {t1 , t2 , . . . , tN } and {r1 , r2 , . . . , rN } respectively,
where each element is the duration of an acoustic unit (word,
syllable, or phone), PVE computes the difference of these two
profiles:

PV E =
∑N

i=2
∑min(M,i−1)

m=1 |(ti − ti−m ) − (ri − ri−m )|
∑N

i=2
∑min(M,i−1)

m=1 |ti − ti−m | + |ri − ri−m |
(2)

where M is a hyperparameter specifying the maximum distance
between a pair of units considered for comparison.

The target duration profile is first obtained by force-aligning
the speech to its transcript using the adapted DNN acoustic
model. The reference duration profile can then be constructed
by querying the non-aphasic speech corpus using the Reference
Alignment algorithm [12] (see SI). Out-of-vocabulary words
are aligned by breaking them down to the syllable or phone
level until a match is found as described in [12]. We do not
perform linear scaling on the reference durations as in [58] to
retain information about speaking rates and to avoid durational
distortion caused by long pauses in aphasic speech. For each
utterance we compute four PVE scores with M ranging from 1
to 4 (same as [58]), constituting the utterance’s rhythm features.

4) Intonation Features: Previous studies suggested that
pitch contours in patients with aphasia may exhibit anoma-
lies in sentence-length utterances [59], [60]. Methods for la-
beling speech prosody involve the inspection of pitch contours
of phrases and syllables [61], [62]. We compare the contours
of aphasic speech to those of healthy speech using dynamic
time warping (DTW), a method previously used to measure the
similarity of pitch contours with differing lengths [63]. Similar
to above, we first obtain a reference and target alignment for
each utterance using the Reference Alignment algorithm. We
compute the average DTW distance between each target word
produced by the PWAs and the same reference words spoken
by our healthy controls. Prior to computation, the reference
contours are shifted to have the same mean as the target; this
accounts for pitch differences across speakers. We also com-
pensate for different speaking styles by only using reference
words of the healthy speaker that yields the minimum aver-
age DTW distance. We then weight the DTW distance of each
unit by its duration, under the hypothesis that longer units have
more impact on human perception. Finally, we extract the mean,
standard deviation, median, minimum, and maximum unit-level
distances to use as utterance-level intonation features.

We extract a similar set of features for intensity contours,
based on the idea that they also influence the perception of
speech intelligibility by modulating emphasis patterns. As a

TABLE IV
CLASSIFICATION UAR (%) Oracle DENOTES RESULTS USING

HUMAN-LABELED TRANSCRIPTS. Simple, Extended, AND Merged INDICATE

RESULTS USING AUTOMATED TRANSCRIPTS

Oracle Simple Extended Merged

3-class Clarity 67.3 (N) 59.3 (N) 61.9 (N) 64.3 (N)
Fluidity 76.1∗(N) 73.3∗(N) 73.1∗(N) 74.1∗(N)
Prosody 66.9∗(N) 65.3∗(N) 63.5∗(N) 65.0∗(N)

2-class Clarity 79.1∗(L) 75.6 (L) 77.9∗(L) 78.8∗(L)
Fluidity 86.5∗(L) 81.9∗(L) 83.4∗(L) 83.2∗(S)
Prosody 72.5 (N) 72.6 (N) 70.4 (N) 72.3 (N)

N: Naı̈ve Bayes | L: Logistic Regression | S: Support Vector Machine
∗ = higher than or within one std. deviation from avg. human UAR.

result, our final intonation feature set contains 10 features in
total, 5 for pitch and 5 for intensity.

B. Classification

We adopt a similar classification setup used in our previous
works [11], [12]. This makes it easier to analyze the change
in classification performance caused by automatic transcripts
and newly added features, which are the main focus of this pa-
per. We partition the dataset using leave-one-subject-out cross-
validation, motivated by the design goal that our application
must be able to generalize beyond individual speakers. Features
are globally z-normalized using statistics from the training set.
To avoid overfitting, we performed feature selection on the train-
ing set of each fold using the minimum-redundancy-maximum-
relevance (mRMR) method, which outputs the subset of features
that correlate well with the class label but not with each other
[64]. mRMR was used in Fraser et al. [25], yielding good re-
sults in classifying subtypes of primary progressive aphasia. We
evaluate each fold using several commonly-used classifiers, in-
cluding C4.5 Decision Tree, Logistic Regression, Naı̈ve Bayes,
Random Forest, and Support Vector Machine. Since our dataset
is relatively small (1,503 data points), we did not do model
selection and instead used the default settings specified in the
Weka toolkit [65]. We will explore model selection and speaker-
dependent adaptation to improve classification as our dataset
grows.

VII. RESULTS AND DISCUSSION

A. Classification Performance

Table IV summarizes the classification results and the best
performing classifier for methods using human-labeled (Oracle)
and automatic (Simple, Extended) transcripts. We also explore
a fourth method, Merged, which involves combining features of
Simple and Extended transcripts. These two transcript types may
offer complementary information, as suggested by the WER
results in Fig. 5.

Across the three scoring categories, Clarity has the high-
est degree of agreement in humans, followed by Fluidity and
Prosody, respectively. However, the trend is different for au-
tomatic classification, where Fluidity is the easiest to classify,
followed by Clarity and Prosody. Similar to our previous works,
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Prosody remains the most challenging task for both humans and
automatic classifiers [11], [12].

We deem a classification UAR comparable to human perfor-
mance if it is better or within one standard deviation from the
average human UAR. We can see that Fluidity can be estimated
very reliably, with results comparable to human across all label-
ing schemes and transcript types. The results for Clarity suggest
that our feature set can capture this category more effectively
at the coarser 2-class level, producing results comparable to
human, but is not sensitive enough for the 3-class case. The
opposite is true for Prosody, where 3-class results are closer to
human performance. These observations suggest that labeling
schemes should be adjusted accordingly depending on the target
scoring category.

We compare the classification performance of the four
transcript types using repeated measures analysis of variance
followed by paired t-test, both with a significance level of 0.05.
We use speaker-level accuracies as observations and repeat
the test for each combination of labeling scheme and scoring
category. These tests show that 3-class Clarity using Oracle
transcripts is statistically significantly better (s.s.b.) than using
Simple (p = 0.035) and Extended (p = 0.008) transcripts,
but not Merged (p = 0.079). Similarly, 2-class Clarity with
Oracle transcripts is s.s.b. than with Simple (p = 0.021), but not
Extended (p = 0.109) and Merged (p = 0.329). 2-class Fluidity
is significantly better for Oracle compared to all other methods,
Simple (p = 0.012), Extended (p = 0.001), and Merged (p =
0.017). Of the three fully automatic methods, Merged performs
the best and is the closest to Oracle, confirming our intuition
that the two transcript types, Simple and Extended, offer
complementary information. Clarity performance with Merged
is s.s.b. than with Extended for 3-class (p = 0.006) and Simple
for 2-class (p = 0.038). Merged generally performs better than
or comparable to both Simple and Extended, but the differences
for other comparisons are not statistically significant. Simi-
larly, there is no significant differences between Simple and
Extended.

In all 3-class classification tasks, Naı̈ve Bayes yields the high-
est UAR. On the other hand, Logistic Regression and SVM
outperform Naı̈ve Bayes in the 2-class version of Clarity and
Fluidity. We observed a similar phenomenon in our previous
work [11], [12]. One possible explanation is the lack of per-
class training data in the 3-class labeling scheme. Naı̈ve Bayes
is known to perform well when training data are scarce [66].
More complicated algorithms, specifically Logistic Regression
and SVM in this case, begin to outperform Naı̈ve Bayes as the
amount of per-class data increases when switching to 2-class.
The same line of reasoning can also explain why Prosody is an
exception to this phenomenon. The label “4” only constitutes
25.7% of the ground-truths and will suffer from training data
scarcity in both labeling schemes. We use all classifiers with
default hyperparameters in this work. In future work, we will
look into model selection, which can be beneficial for methods
with many hyperparameters.

Finally, we analyze the correlation between speaker-level
classification accuracies and various speaker characteristics
available in our dataset. We limit the analysis to Oracle

transcripts to eliminate variations caused by automatic tran-
scription errors. We find statistically significant correlation
between age and 3-class Fluidity (r = 0.60, p = 0.011), as
well as AOS and 2-class Clarity (r = 0.61, p = 0.009). This
implies that 3-class Fluidity can be predicted more reliably for
more elderly speakers, and 2-class Clarity is easier to estimate
for those with AOS. These results may help us personalize the
model using readily available speaker properties.

B. Feature Analysis

The goal of this section is to identify the most relevant fea-
tures for each scoring category, as well as how their relevance
changes when moving from human-labeled (Oracle) to auto-
matic (Merged) transcripts. We first perform mRMR on the
entire dataset to partly eliminate features with high correlation.
These features are grouped into six sets:

1) ROS: rate of speech features, e.g., number of syllables and
words spoken per minute (Section VI-A1)

2) DUR: duration features, e.g., duration of pauses, non-
speech, and filler (Section VI-A1)

3) GOP: word and phone GOP scores (Section VI-A2)
4) IWR: isolated word recognition features (Section VI-A2)
5) PVE: PVE features (Section VI-A3)
6) DTW: pitch and intensity DTW features (VI-A4)
We then compute the mean and standard deviation of Infor-

mation Gain (IG) for each feature set with respect to the 2-class
ground-truth labels (Table V). 3-class labels produce very sim-
ilar results, so we omit them from the analysis. The full list of
selected features can be found in the SI.

Pronunciation (GOP, IWR) features are the most prominent
indicators of Clarity in terms of the number of features selected
and IG. On the other hand, Fluidity and Prosody are mostly
dominated by transcript (ROS, DUR) and rhythm (PVE) fea-
tures. Intonation (DTW) features are selected more frequently
in Fluidity and Prosody; however, they contribute relatively lit-
tle in terms of IG for all cases. The overall IGs for different
scoring categories roughly mirror the automatic classification
performance, where Fluidity has both the highest information
gain and UAR, followed by Clarity and Prosody, respectively.
This suggests that there is room for improvement in feature
engineering, especially for Clarity and Prosody.

Comparing the selected features of Oracle and Merged high-
lights the impact of automatic transcript generation on the ef-
fectiveness of particular features. The general structure of the
two lists remains the same, where GOP and IWR figure promi-
nently in Clarity, while ROS, DUR, and PVE dominate Fluidity
and Prosody. There are several differences between the two
transcript types, however. GOP features have higher IG in the
Oracle version of Clarity than Merged, suggesting that GOP
is affected by less accurate transcripts to a certain extent. At
the same time, IWR can partly compensate for the degradation
in GOP when using automatic transcripts, as evidenced by its
relatively stable IG. For Fluidity, PVE experiences a decrease
in IG when moving from Oracle to Merged and gets displaced
by ROS and DUR as the most important features. This suggests
that PVE, much like GOP, is more dependent on the transcript
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TABLE V
MEAN AND STANDARD DEVIATION OF IG FOR DIFFERENT FEATURE SETS ACROSS SCORING CATEGORIES (2-CLASS) AND TRANSCRIPT TYPES

Clarity Fluidity Prosody

Oracle Merged Oracle Merged Oracle Merged

ROS 0.17 ± 0.00 (2) 0.12 ± 0.02 (3) 0.37 ± 0.03 (4) 0.31 ± 0.04 (6) 0.14 ± 0.01 (2) 0.13 ± 0.01 (2)
DUR 0.08 ± 0.03 (2) 0.17 ± 0.00 (1) 0.32 ± 0.10 (3) 0.32 ± 0.09 (3) 0.10 ± 0.06 (5) 0.14 ± 0.02 (4)
GOP 0.21 ± 0.06 (8) 0.17 ± 0.07 (15) 0.11 ± 0.01 (2) 0.13 ± 0.02 (4) 0.06 ± 0.01 (3) 0.06 ± 0.00 (3)
IWR 0.17 ± 0.02 (3) 0.18 ± 0.04 (5) N/A (0) N/A (0) 0.02 ± 0.00 (1) 0.05 ± 0.00 (1)
PVE 0.21 ± 0.00 (2) 0.15 ± 0.01 (3) 0.40 ± 0.02 (4) 0.25 ± 0.00 (4) 0.16 ± 0.01 (3) 0.12 ± 0.00 (2)
DTW 0.08 ± 0.00 (1) 0.03 ± 0.00 (1) 0.10 ± 0.02 (4) 0.07 ± 0.03 (4) 0.04 ± 0.01 (4) 0.04 ± 0.01 (3)

Numbers inside the parentheses denote the number of features from each set selected by mRMR.

quality. Of the two transcript features, ROS is more affected by
the associated transcripts, where as DUR is relatively stable.

There are two potential solutions to address the feature differ-
ences between Oracle and Merged. One, we can engineer new
features that are more robust toward inaccurate transcripts. Two,
we can improve the accuracy of automatic transcript generation.
We will explore these directions in future work.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we presented one of the first comprehensive
solutions for estimating aspects of aphasic speech intelligibility
in a completely automatic manner. We introduced our aphasic
speech corpus along with data annotation methodologies to elicit
reliable ground-truth labels. We described our technique for
automatic transcript generation, including DNN acoustic mod-
eling, out-of-domain adaptation, and forced-alignment-based
language modeling. We extended our existing feature set with
new and novel features, some of which are adapted from clinical
practice, such as the rate of word and syllable production. Our
results demonstrated the potential of automatic approaches for
classifying speech intelligibility. Most notably, Fluidity can be
estimated at human-level accuracy using automatically gener-
ated transcripts. The estimation of Clarity and Prosody has not
yet achieved human-level performance. Nevertheless, our anal-
ysis of classification results and efficacy of individual features
provided insights into the research questions that need to be
answered to close the gap between human evaluators and auto-
matic classifiers. In summary, our paper has laid the groundwork
for the challenging problem of aphasic speech intelligibility
classification.

Moving forward, there are two separate problems we need to
tackle in order to bridge the gap between human and automatic
performance in classifying Clarity and Prosody. We need
to make Oracle methods approach human-level accuracy by
making advances in feature engineering, feature selection, and
classification algorithms. We will explore phonological [28],
[29] and semantic features in future work, motivated by the
observation that utterances that closely match the prompt or
convey concrete ideas are more likely to receive high Clarity
scores. We will investigate the envelope modulation spectrum
and long-term average spectrum features used in [31] to better
model Prosody. We will also conduct a human study to gain
insights into how evaluators assess the intelligibility of an

utterance. While mRMR generally works well in practice, other
feature selection methods that are directly tied to classification
performance may result in additional gain. Lastly, we will look
into tuning the classification algorithms and perform model
selection to better accommodate the test speaker.

The second problem that needs to be solved is to make fully
automatic methods approach oracle-level performance by mak-
ing advances in ASR, specifically acoustic and language mod-
eling. Aphasic speech contains many abnormalities, including
fillers, false starts, mispronunciations, word repetition, inser-
tion, substitution, and deletion with respect to the target prompt.
We need specialized acoustic and language models to recognize
these atypical patterns effectively. Potential solutions include
training background models [22], [45], learning speaker-specific
pronunciations [43], and detecting islands and gaps [67], [68].
Personalized acoustic and language models are promising, given
that our aphasic corpus contains a heterogeneous set of speakers
and a general model may not be the most appropriate [44].

Finally, we want to remark that classifying speech intelligi-
bility is only one among many other problems that need to be
solved in order to enable effective in-home exercise for aphasia
rehabilitation. PWAs require meaningful feedback during the
course of an exercise. Additional research is needed to lever-
age classification results to produce concrete feedback that the
PWAs can use to improve their speech. Provided that PWAs
may have limited motor control and audio-visual perception
impairment, more work in user interface design is required to
develop an application that is both easy to use and sufficiently
engaging. The results presented in this paper will contribute to
the realization of these objectives.
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