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Abstract

Cogpnitive tests of verbal fluency (VF) consist of verbalizing as many words as possible in one
minute that either start with a specific letter of the alphabet or belong to a specific semantic
category. These tests are widely used in neurological, psychiatric, mental health, and school
settings and their validity for clinical applications has been extensively demonstrated. However,
VF tests are currently administered and scored manually making them too cumbersome to use,
particularly for longitudinal cognitive monitoring in large populations. The objective of the current
study was to determine if automatic speech recognition (ASR) could be used for computerized
administration and scoring of VF tests. We examined established techniques for constraining
language modeling to a predefined vocabulary from a specific semantic category (e.g., animals).
We also experimented with post-processing ASR output with confidence scoring, as well as with
using speaker adaptation to improve automated VVF scoring. Audio responses to a VF task were
collected from 38 novice and experienced professional fighters (boxing and mixed martial arts)
participating in a longitudinal study of effects of repetitive head trauma on brain function. Word
error rate, correlation with manual word count and distance from manual word count were used to
compare ASR-based approaches to scoring to each other and to the manually scored reference
standard. Our study's results show that responses to the VF task contain a large number of
extraneous utterances and noise that lead to relatively poor baseline ASR performance. However,
we also found that speaker adaptation combined with confidence scoring significantly improves
all three metrics and can enable use of ASR for reliable estimates of the traditional manual VF
scores.
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1. Introduction

Tests of verbal fluency (VF) (Benton and Hamsher, 1994) are widely used in neurological,
psychiatric, mental health, and school settings. There are two main types of VF tests -
phonemic and semantic. The phonemic test (PVF) consists of naming as many words as
possible in one minute that begin with a letter of the alphabet (e.g., A, F, or S). The semantic
test (SVF) consists of naming words belonging to a semantic category (e.g., animals). These
tests have been demonstrated to be useful for characterization of cognitive impairment due
to a number of conditions including neurodegenerative disease (Henry et al., 2005, 2004;
Henry and Crawford, 2004a), psychiatric diagnoses (Henry and Crawford, 2005),
developmental disorders (Spek et al., 2009), drug toxicity or metabolic effects (Marino et
al., 2012; Witt et al., 2013), as well as impairment due to traumatic brain injury or
cardiovascular accidents (Henry and Crawford, 2004b, 2004c). In particular, contact sports
such as boxing, mixed martial arts, football, and hockey are particularly well-known for
high prevalence of repetitive head trauma which is a major risk factor for chronic traumatic
encephalopathy (CTE), a devastating and untreatable condition that ultimately results in
permanent disability and premature death (McKee et al., 2013). Athletes with prior exposure
to head trauma show significant declines in verbal fluency performance among other types
of cognitive impairment (Tremblay et al., 2013).

While clinically useful, VF tests are currently administered manually and are too
cumbersome for wide adoption on a large scale in fast-paced and overburdened healthcare
systems. Furthermore, manual VF testing is also prone to scoring subjectivity and
variability, and cannot be easily self-administered, which limits its applications in large
and/or longitudinal investigations of cognitive biomarkers of heurodegenerative disease.
One of the goals of developing automated VF testing is to enable easy and non-threatening
long-term monitoring of cognitive performance in an attempt to detect early subtle cognitive
changes that may warrant a more in-depth clinical assessment. Following the desiderata for
computerized VF testing (Kemper and McDowd, 2008), we propose to address existing
limitations of VF tests by automating their administration and scoring. Our approach
consists of using automatic speech recognition (ASR) technology applied to the speech
collected during VF testing to estimate an approximate count of “legitimate” words
produced during the VF task.

A typical administration of VF testing includes instructing the subject to restrict his or her
responses to the specified stimulus (letter or category) and avoid using proper names. A
subject's test-taking behavior is commonly evaluated both by the total number of correct
responses produced during the task, and by an analysis of the subject's errors or incorrect
responses. Under ideal circumstances, given all correct responses, an individual's speech
produced on these tasks would consist of 1-, 2-, or 3-word phrases denoting the concepts
relevant to the test (e.g., animals) separated by silent pauses without any repetitions,
disfluencies, comments, or other extraneous utterances and noise. However, in reality,
response errors and noise are common and subjects’ speech often contains events that should
not be included in the calculation of the total test score, which presents a significant
challenge for automation (Miller et al., 2013).
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Computerized administration and scoring of VF tests is a promising area in which
computational linguistic and computerized speech processing approaches can make a
significant contribution. While ample evidence exists to show clinical usefulness of
manually administered VF tests, in order to extend this body of evidence to automated
approaches, it is necessary to demonstrate that automated approaches provide acceptable
estimates of the manual VF assessments in a variety of populations and environments (Bauer
et al., 2012). Miller and colleagues successfully experimented with using an ASR-driven
interactive voice response system to administer and score VF tests (Miller et al., 2013).
However, using ASR for automatic scoring of VVF tests remains a largely unexplored area
and needs to be investigated further. To our knowledge, the use of various ASR techniques
such as acoustic speaker adaptation and confidence scoring of ASR output have not been
investigated in relation to optimizing automatic VVF scoring.

Previous work shows that unsupervised speaker adaptation of acoustic models used in ASR
can significantly improve recognition accuracy even with very limited (as little as 11
seconds) amounts of available adaptation data (Leggetter and Woodland, 1995; Wang et al.,
2007) and is useful in a number of specific applications including dialogue act segmentation
(Kolér et al., 2010) and language tutoring systems (Ohkawa et al., 2009). Similarly to
speaker adaptation, the use of confidence scoring in general-purpose ASR applications has
also been well documented (see (Jiang, 2005) for a review), although the findings with
respect to confidence scoring are mixed. Confidence scoring approaches tend to be highly
application specific (Zeljkovic, 1996) and lack a systematic way of determining the most
optimal confidence threshold (Bouwman et al., 1999). In the current study, we apply
confidence scoring to post-process ASR output from VF responses in the context of using a
language model with a highly constrained vocabulary in an attempt to leverage the fact that
any speech that does not contain an item from the semantic category of interest would get a
lower confidence score and thus may be reliably filtered out. The objective of the current
study was to experiment with speaker adaptation and confidence scoring as applied to the
specific task of automated VVF assessment and to validate these approaches on an ‘animal’
verbal fluency test in a sample of cognitively normal individuals.

2. Materials and Methods

2.1 Animal name recognition system

Standard ASR approaches (described in the next section in more detail) were used to create
a system designed specifically to yield a score that represents how many animal names the
speaker was able to produce in response to the VF task. The resulting animal name
recognition system consisted of the ASR decoder with a specially trained animal fluency
language model and a speaker adapted acoustic model, as well as a set of post-processing
filters. The post-processing filters were designed to account for the spurious words that may
appear in the raw ASR output. Some of these spurious words represent errors produced by
the ASR decoder; however, many of these words represent animal haming errors— non-
animal names that were recognized correctly by the ASR decoder. The latter type of errors
should not be counted against the accuracy of the ASR system but should be counted against
the accuracy of the animal name recognition system. Thus the SVF score estimate produced
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by the animal naming recognition system represents the number of words that were both
most likely to be correctly recognized by the ASR decoder and most likely to be names of
animals. The post-processing filters use confidence scores produced by the ASR decoder
and a set of additional output characteristics to produce an estimate of the actual SVF animal
fluency score from the raw ASR output, as described in the next section.

2.2 Animal name recognition system components

To implement an ASR system designed specifically to process VF responses, we used
KALDI, an open source automatic speech recognition toolkit (Povey et al., 2012). Our
KALDI-based ASR system relies on an acoustic model and a language model in order to
automatically convert the input speech signal to a textual representation. For the current
implementation of the system, we trained a speaker-independent acoustic model and a bi-
gram statistical language model as described in detail in the following sub-sections.

Acoustic model—We trained a speaker-independent acoustic model that consists of a set
of Hidden Markov Models (HMMs) that represent 88 base phones occurring in multiple
acoustic contexts collected from a large corpus of general English speech. The phone set of
88 phones was derived from the Carnegie Mellon University dictionary (CMU dictionary) of
pronunciations and included 84 consonants and vowels with preserved stress marking, a
special silence phone (“SIL”) and special phones to represent speech noise (“SPN”), non-
speech noise (“NSN”) and filled pauses (“ah” — FPU, and “um” — FPM). Each of the 84
consonants and vowels were modeled as consisting of three parts: an onset, a nucleus, and a
coda, represented by a 4-state HMM network consisting of one non-emitting state and three
emitting states, each having a transition to itself and the following state. The other phones
(SIL, SPN, NSN, FPU and FPM) were modeled with a 6-state network in which each state
could transition to itself or the following two states. The corpus of audio recordings with
corresponding verbatim transcriptions used to estimate the parameters of the Gaussian
mixtures for the phones appearing in various acoustic contexts consisted of the Wall Street
Journal corpus (CSR-1I — approximately 78,000 utterances from read and dictated speech of
over 240 different speakers) (Paul and Baker, 1992), augmented with spontaneous speech
from the TRAINS corpus (approximately 98 dialogs between 34 different speakers — 55,000
words) (Allen et al., 1995).

Language Model—We trained a bi-gram language model that represents the distribution
of two-word sequences obtained from a corpus of prior clinical and research studies that
included verbal fluency testing. This model partially captures the fact that when people
respond to the animal verbal fluency task they tend to group animals into categories (Troyer,
2000) thus making some two-word sequences more likely to appear than others. For
example, this modeling process captures the fact that the word ALLIGATOR is much more
likely to be followed by the word CROCODILE (probability of 0.166 in our data) than the
word GOOSE (probability of 0.003). However, prior work has demonstrated that the mean
size of semantic clusters is around 1.5, which means that most clusters consist of one or two
words. Based on this observation, we limited language modeling to bi-grams. To train the
bi-gram model we used a corpus of responses to SVF tests provided by 1,367 participants in
a Mayo Clinic Study of Aging (Roberts et al., 2008) that repeated this test up to 7 times (at
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the time of training the model) resulting in a total of 6,453 responses (125,601 words). The
resulting model consisted of n-gram probability estimates for 990 unigrams, 18,325 bigrams
with the Good-Turing discounting smoothing method, as implemented in the open-source
CMU Language Modeling Toolkit (Rosenfeld and Clarkson, 1997).

The data used to train the language model consisted of handwritten notes taken by the
psychometrists during SVF testing and subsequently converted to electronic format. Thus,
these notes do not represent verbatim transcriptions of the speech. Therefore, the language
model constructed from these notes does not capture bi-gram distributions of filled pauses or
the speech and non-speech noise events. We manually introduced filled pauses and speech
and non-speech noise events as unigrams into the model after it was trained by taking some
of the probability mass from word tokens and assigning it to these events.

Speech-to-text Conversion (Decoding)—The speech signal was pre-processed by
splitting it into 25 millisecond frames shifted by 10 milliseconds. Each frame was coded as a
set of 13 Mel-spectrum Frequency Cepstral Coefficients (MFCCs) with added delta
coefficients, resulting in a vector of 26 coefficients. For each set of MFCC vectors
representing the speech input frames, KALDI ASR decoder was used to find the highest
likelihood path through the lattice of hypotheses constructed based on the language and
acoustic models described above. The output of the decoding process consists of the most
likely sequence of phones and words (tokens) corresponding to the input audio signal with
the start and end time information for each phone and word.

Confidence scoring—In order to obtain confidence scores for the output of the ASR
decoder, we used the lattice-to-ctmtool in the KALDI toolkit with default parameters to
generate maximum a-posteriori scores for each token in the top best hypothesis from the
decoder lattices. For the current study, we used a threshold to filter out tokens with lower
confidence scores from the decoder output prior to estimating the SVF score. The optimal
threshold value was determined with respect to minimizing ASR word error rate with 5-fold
cross-validation. Minimum word error rates were found at the threshold value of 0.7 on both
training and testing folds.

Speaker Adaptation—As part of the cognitive test battery, the participants were asked to
read aloud a short paragraph consisting of the first 6 sentences of “The Rainbow Passage”
(Fairbanks, 1960), repeated here for convenience:

The Rainbow Passage

When the sunlight strikes raindrops in the air, they act as a prism and from a rainbow. The
rainbow is a division of white light into many beautiful colors. These take the shape of a
long round arch, with its path high above, and its two ends apparently beyond the horizon.
There is, according to legend, a boiling pot of gold at one end. People look, but no one ever
finds it. When a man looks for something beyond his reach, his friends say he is looking for
the pot of gold at the end of the rainbow.

The audio recordings of the participants reading this passage were force-aligned with the
text of the passage and subsequently used to perform feature-space Maximum Likelihood
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Linear Regression (fMLLR) adaptation of the speaker-independent acoustic model.
Consequently, we were able to process each audio sample with a speaker-independent as
well as a speaker-adapted set of acoustic models.

Reliability scoring—In addition to using confidence scores to filter the ASR output prior
to counting words in the speaker's SVF response, we also used the ratio of the number of
words with low confidence scores to the total number of unique words produced by the ASR
decoder to identify speakers that were likely to produce poor SVF score estimates with the
automated approach. Our rationale was that if a large proportion of words in the ASR output
were recognized with low confidence, or if the total number of words produced on this test
was too high, then we may treat these results with caution and, possibly, exclude these
suspect samples from automatic analysis altogether. For the current study we used a
reliability threshold of 0.5 (not to be confused with the confidence threshold) as the
minimum acceptable ratio of low confidence words, and one standard deviation above the
mean SVF score as the threshold for the total number of unique words. Thus, we marked a
sample as suspect if more than 50% of the ASR output consisted of low-confidence words
(those with confidence scores below the empirically established confidence threshold of
0.7). We also marked samples as suspect if they contained more than 30 words, a number
that is substantially higher than what is produced on this test on average by healthy speakers.
The intended use of this reliability scoring in a clinical practice scenario is to identify audio
samples that may need to be verified by hand. In this study, we evaluated the effect of this
strategy on the accuracy of automated scoring for those participants that passed this
reliability scoring filter.

2.3 Study Participants

The participants in this study were 38 (mean age 28.4, SD 13.5; mean years of education
13.5, SD 2.15; 4 women and 34 men) novice and experienced professional fighters (boxing
and mixed martial arts) participating in a longitudinal study of effects of repetitive head
trauma on brain function. For the current study, we used baseline recordings of cognitive
tests only for those participants that were considered to be cognitively normal at baseline.

2.4 Study Design

All participants underwent a series of cognitive tests that included semantic verbal fluency
as part of the neuropsychological test battery. Following informed consent, each participant
was given a brief description of the tasks he or she was expected to perform during testing.
The participants were then seated in a quiet room equipped with a standard hand-held audio
recorder. The examiner initiated the test sequence that included reading aloud of “The
Rainbow Passage” and the verbal fluency task. For the verbal fluency task, the participants
were asked to name all animals they could think of as fast as they could in 60 seconds. The
responses were audio recorded and subjected to subsequent automated as well as manual
scoring. Automatic scoring was performed using several methods for subsequent
comparison. In this study, we experimented with several ways of enhancing ASR accuracy
and automatically estimating the SVF scores summarized in Table 1. The baseline ASR
system consisted of KALDI decoder with the speaker independent acoustic model and the
“animal” language model described above. Enhancements to the baseline system consisted
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of using confidence scoring with and without speaker adaptation, and reliability score
filtering.

2.5 Manual assessment of verbal fluency

All verbal fluency tests collected in this study were manually examined by one scorer who
followed standard scoring guidelines to calculate the total number of legitimate animal
names excluding repetitions and non-animal words. The guidelines used for scoring instruct
the scorer to count all animals, including birds, fish, reptiles, insects, humans, extinct and
mythical animals, but not made up animals. Credit may be given for general category terms
(e.g., dog) and for specific instances (e.g., terriers) when both are given. However, only one
item is to be counted when people name the same animal at different developmental stages
(e.g., sheep, lamb). Questionable cases (e.g., counting mythical creatures as valid responses)
were discussed and resolved with the first author (SP) to ensure consistency in scoring.

In addition to standard manual scoring of verbal fluency tests, all responses were transcribed
verbatim including all erroneous words, repetitions, word fragments, filled pauses (“um's”
and “ah's™), noise (e.g., breaths, coughs, lipsmacks, laughter), and comments (i.e., “oh |
already said cat”, “I can't think of anything else”, etc.). These verbatim transcripts were used
to investigate the rate of disfluent events that could present a potential challenge for
automated scoring.

As a result of manual assessments, we were able to measure the performance of both the
ASR decoder component and the animal naming recognition system as a whole. The
verbatim manual transcripts were used to evaluate the performance of the ASR decoder
component separately from the overall system performance, as detailed in the next section.
The standard manual SVF scoring was used to evaluate the performance of the animal
naming recognition system that included post-processing in addition to the ASR decoder
component.

2.6 Automatic assessment of verbal fluency

The raw ASR output produced by the system described in Section 2.1 was used to estimate
speaker SVF performance as follows. We counted all tokens in the ASR output that were not
labeled as silent/filled pauses, noise, and utterance boundaries (SIL, FPU, FPM, NSN, SPN,
<s>, </s>). Since the language model was constrained to a closed vocabulary consisting of
animal names, the system's output was consequently also constrained to animal names only.
Constraining the language model to animal names also had the effect of producing lower
confidence scores on input that does not correspond to naming an animal and the confidence
score filter leverages that to exclude, to some degree, extraneous speech not relevant to SVF
scoring. The variations of the systems that used confidence scoring also excluded all tokens
with confidence scores below the threshold of 0.7. The scoring approach is illustrated in
Figure 1 showing a side-by-side comparison between a manual verbatim transcript and raw
ASR output with confidence scores for a 15 second segment of a VF test audio sample. This
example shows minimal differences between automatic and manual scoring despite a
number of errors produced by the recognizer (e.g. ELEPHANT recognized as COYOTE and
WREN,; a filled pause (FPU) recognized as CAT; extraneous words SAME THING
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recognized as animal names OXEN and SNAKE). This example also shows that using the
confidence scoring threshold can help avoid erroneously counting CAT, OXEN, and
SNAKE but it can also mistakenly leave out legitimate words (e.g., ELEPHANT) that
happened to be recognized as two words (COYOTE and WREN) with confidence below the
threshold.

2.7 Statistical Analysis

3. Results

To compare the performance of various approaches to ASR-based fluency scoring we used
the following measures: the standard word error rate (WER), the distance between manual
and automatic SVF scores, the correlation between manual and automatic SVF scores
(CORR), and the naming error rate (NER). WER was computed with the NIST sctk (http://
www.itl.nist.gov/iad/mig//tools/) package based on the alignment between the manual
transcription (reference) of each audio sample and the ASR output (hypothesis), and was
defined as the proportion of all substitutions, deletions, and insertions to the total number of
words in the reference. Prior to performing alignment, the words in both the reference and
the hypothesis were stemmed to remove plural forms using regular expressions, which
resulted in requiring that only the stems of the words be identical to be considered as a
correct match. Differences between manual and automatic SVF scores can be positive or
negative, depending on whether the automated scoring approach under- or over-estimated
true SVF performance. In order to account for this, we report two types of differences —
absolute (aDIFF) and signed (sDIFF). Absolute differences were computed as the average of
absolute values, whereas signed differences rely on signed positive and negative values. The
correlation between manual and automatic scores was estimated by calculating the
Spearman rank correlation coefficient. NER was defined as the number of insertions and
deletions divided by the total number of words in the raw ASR output. This measure is
specific to evaluating category naming recognition performance and is based on the
observation that only insertion and deletion errors contribute to measuring naming
performance in terms of the total number of valid words that belong to a category (e.g.,
animals in this case). Differences between various experimental approaches were tested for
statistical significance by using the Student's t-test for paired observations. The statistical
significance threshold was set at p < 0.05. All statistical computations were performed using
the R package (R Core Team, 2014).

In this section, we present the results of comparisons between manual assessments of SVF
responses and various combinations of the base ASR decoder components with and without
adaptation and confidence scoring. Two types of evaluations are presented. First, we
evaluated the animal naming recognition system on verbatim transcripts of the audio
samples to get a sense of the ASR decoder performance in general using WER.
Subsequently, we also evaluated the system specifically with respect to its ability to
correctly estimate the number of valid animal names produced by the speaker on the task
using NER.
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3.1 Word and animal naming accuracy comparisons

Table 2 and Figure 2 show the comparison between the various experimental approaches in
terms of the ASR WERs. The boxplot in Figure 2 shows that using speaker adaptation
combined with confidence scoring results in a significant reduction in WER as compared to
the baseline and to the adaptation alone. It also shows that confidence scoring without
adaptation results in a significant improvement in the WER over the baseline.

Table 3 and Figure 3 show the comparison between the experimental approaches in terms of
aDIFF and sDIFF in manually and automatically estimated SVF scores. Figure 3 juxtaposes
only the sDIFFs between manually and automatically obtained scores with the differences in
scores obtained by 8 human raters that participated in an independent study of verbal
fluency scoring reliability (Passos et al., 2011).

The smallest aDIFF of 3.1 (95% ClI: 2.1, 4.0) between the manually and the automatically
computed scores was a result of using a speaker-adapted acoustic model and filtering the
ASR output with a confidence threshold. The application of reliability score filtering to
identify potentially suspect samples to the results produced with the approach that combined
speaker adaptation with confidence score filtering further reduced aDIFF between manual
and automatic scores to 2.14 (95% CI: 1.02, 3.26). However, the reliability score filtering
also reduced the number of participants that could be scored automatically from 38 to 14
(37%). For the purposes of comparing our study's results with other studies, we also
calculated sDIFF between manual and automatically computed scores after adaptation and
confidence scoring, resulting in sSDIFF of 0.46 (95% CI: 0.32, 0.62).

Correlations (CORR) between the best performing combination of approaches (speaker
adaption together with confidence scoring) with manual SVF scores as well as the total
number of unique words spoken by the participants are shown in Figure 4. We observe
higher correlation between automatically computed SVF scores and the total number of
words (r = 0.81, n = 38) than between automatically computed SVF scores and the manually
estimated scores (r = 0.80, n = 38). The correlation between automatic and manual scores
after reliability filtering improved to r = 0.86 (n = 14).

3.2 Extraneous speech and non-speech events

The speech produced on PVF and SVF tests is not completely natural and continuous;
however, it also does not consist of only isolated words. In addition to the words spoken in
response to the task, the speech samples also contain disfluencies including filled pauses,
non-speech and speech noise, word fragments, as well as repetitions, comments, and
intrusions (e.g., errors - words spoken on the animal fluency test that do not denote an
animal or proper nouns on phonemic fluency tests). In addition to these events generated by
the participant, in a typical testing situation, the audio recordings may also contain the
speech of the examiner. All of these events can present a challenge to the approach
described in this study testing the assumption that the traditional total verbal fluency score
can be estimated by simply counting utterances produced by the person taking the test
without knowing the content of these utterances. Therefore, we assessed the rate of
occurrence of these potentially problematic events in the samples obtained in this study. The
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results are illustrated in Figure 5 that shows the variability in the amount of various
extraneous speech and non-speech events. For example, speakers 3, 16, and 31 show fairly
large differences between the total number of unique words that they uttered on the SVF test
and their SVF score. These speakers produced a large number of conversational comments,
requests for clarification and other “asides” (e.g., “ok that's it I am done”, “can it be
variations”, “ what's another one ... UM dang I'm trying to get my animal- animal planet
brain going”). At the other end of the spectrum, there are speakers 10-12, 15, 17, 20, 22-24,

26, 30, 33 that produced hardly any conversational comments.

4. Discussion

We have developed and evaluated a fully automated approach to the assessment of
performance on standard neuropsychological tests of verbal fluency. Our approach offers
significant advantages over traditional manual assessments including objectivity and
reproducibility, ease of administration, and the possibility of self-administration.
Automation of verbal fluency tests can facilitate wider adoption and standardization of these
tests in research and clinical evaluation settings including remote administration over the
telephone or the Internet.

4.1 Effects of speaker adaptation and confidence scoring on ASR accuracy

We found that both speaker adaptation using “The Rainbow Passage” reading task and
filtering raw ASR output with a confidence score threshold improves the accuracy of ASR
by the same amount (from 90% WER for baseline to 70% WER with either speaker
adaptation or confidence scoring alone). However, the improvement in WER for these two
approaches happens for different reasons. Speaker adaptation results in more words that are
correctly recognized (see Table 2) but also produces more insertions — words produced by
the recognizer that are not found in the manual transcription of the speech. The confidence
scoring approach reduces the number of insertions; however, the trade-off is an increased
number of deletions — words that are in the manual transcription but were either filtered out
from the ASR output or were not in the output initially. An interesting finding of this study
is that, when combined, speaker adaption and confidence scoring result in a synergistic
interaction — the ASR system that combines these approaches is able to take advantage of
the improved accuracy that comes with speaker adaption and at the same time compensate
for the additional spurious words by removing them with confidence filtering. This
combination also leads to fewer substitutions, which is likely to be due to the better match
between the acoustic model and the speaker as a result of speaker adaptation.

4.2 Comparison between manual and automatic scores

The results of this study suggest that it is feasible to closely approximate traditional
manually obtained verbal fluency scores on the SVF task by using ASR. This study also
demonstrates that even very limited speaker adaptation combined with filtering of ASR
output with confidence scores leads to significant improvements in the accuracy of
automatic measurement of performance on the SVF test. In order to perform speaker
adaptation for this study, we had the participants read only 6 sentences (~ 30 seconds). A
reading task like this one would be easy to implement on a computer (e.g., a mobile tablet,
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laptop, or desktop). The reading task can be administered immediately prior to administering
the SVF task without substantially adding to the testing time or imposing a significant
additional burden on the person taking or administering the test. In a repeated testing
scenario, either the speaker's prior audio samples from the reading task may be used for
adaptation or a new reading sample may be collected in order to account for possible
seasonal or age-related changes in voice quality.

While we found relatively high correlation between manual and automatic scores, there
clearly are individual samples in which there were differences between the scores. In order
to determine the causes of these differences, we calculated the frequency of various events
unrelated to the SVF performance that may have been erroneously counted towards the
automated score estimate, resulting in decreased accuracy. Not surprisingly, the extraneous
comments were the biggest contributor to the discrepancies between the manually and
automatically estimated SVF scores. We experimented with one way of accounting for the
extraneous comments by taking advantage of the fact that the language model constructed
for this task consisted of animal names and did not include most of the words used by the
speakers to comment on the task itself (unless they were homophonous — e.g., mite vs.
might). Thus, non-animal words spoken by the participants that are phonetically distinct
from animal names included in the language model are likely to result in lower overall
confidence scores produced by the ASR decoder and can subsequently be filtered out.

Manual scoring of verbal fluency tests responses has been previously demonstrated to have
very high inter-rater reliability (Moms et al., 1989; Norris et al., 1995); however, we were
only able to find one study by Passos et al. (2011) that reported inter-rater agreement in
terms of the actual differences in scores in addition to the standard summary agreement
statistics (intra-class correlation coefficient, kappa or Pearson correlation). This study was
conducted to assess the reliability of manual verbal fluency scoring on 120 test samples
scored by 8 individuals. While Passos and colleagues found very high agreement between
the scorers (intra-class correlation coefficient ~ 0.98), they also found that the 95%
confidence interval included deviations of approximately up to 2 words in both positive and
negative directions from perfect agreement. Passos and colleagues also found deviations of
up to 6 words outside of the 95% confidence interval. Although the Passos et al. (2011)
study was conducted in Portuguese, both English and Portuguese are Indo-European
languages and there is no reason to believe that the scoring of SVF responses in these two
languages would present significantly different challenges, and thus can be treated as similar
for the purposes of estimating the variability in SVF scoring. In the current study, we found
that after using speaker adaptation combined with confidence score filtering, the automated
approach presented in this paper was able to significantly reduce the discrepancy between
manually and automatically estimated SVF scores (sDIFF) from —6.0 at baseline to 0.47
words on average after adaptation and confidence filtering. The finding of this fairly small
mean difference between manual and automatic assessments is particularly encouraging in
light of the data on inter-rater variability in manual assessments of SVF tests presented by
Passos et al. (2011). The comparison of our study results to the Passos et al. study (Passos et
al., 2011) shows that we can expect the differences in SVF score estimates obtained by ASR
enhanced with acoustic adaptation and confidence scoring to be well within the limits on
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variability of human raters manually scoring the test, despite the lower correlation between
manual and automatic scores.

Furthermore, the results of the current study also show that if greater accuracy is desired, it
can be achieved by performing reliability filtering based on simple heuristics. Reliability
filtering does reduce the number of samples that can be automatically scored; however, the
scores on these samples are very close to manual scores. While the samples that do not pass
the reliability filter would need to be manually verified, this approach would still be useful
in a practical setting (e.g., a clinic) by significantly reducing the workload required to score
SVF tests.

It is also worth mentioning that some of the practical (e.g., clinical) applications of verbal
fluency testing can tolerate some variability in scoring. For example, the mean number of
legitimate words produced on the “animal” verbal fluency test by healthy individuals range
from 21 for younger persons (50-60 years old) to 18 for older persons (70-80 years old)
(Lezak, 2004). The mean score for cognitively impaired individuals with mild Alzheimer's
disease dementia is 8.8 (SD 3.9) and 6.8 (SD 3.8) for individuals with moderate Alzheimer's
disease dementia. Thus, even with the larger mean aDIFF of 3.1 words from the manual
score, the ASR-based approach to verbal fluency scoring may be used as a screening tool;
however, its validity for any clinical application would need to the further established on
larger samples containing patients from relevant diagnostic categories.

4.3 Comparison to previous studies of automatic verbal fluency scoring

A number of studies have demonstrated the utility of using ASR for the assessment of
various types of fluency. For example, several automated approaches have been developed
towards automated assessment of reading fluency in children and language learners
(Bolafios et al., 2013; Cucchiarini et al., 2000); however, automated assessment of
generative verbal fluency (semantic and phonemic) has not been extensively studied despite
the recognition that computerized methods such as ASR would lend themselves well to this
task (Kemper and McDowd, 2008).

The study by Miller et al. (Miller et al., 2013) is one of the few studies we were able to find
that is most directly relevant to the work presented in this paper. Miller and colleagues
evaluated a telephone-based interactive voice response (IVR) system that was designed to
administer and score several common cognitive tests including the SVF test (fruits
category). The evaluation was performed on a large set of participants (n = 158) between 65
and 92 years old. The findings of this study with respect to the SVF testing are consistent
with the findings of the current study. The mean discrepancy between the IVR-generated
scores and those assigned by a clinician in the Miller et al. (Miller et al., 2013) study was
-1.26 (95% CI: —1.38, —0.88). In the current study, we found a similarly small discrepancy
of 0.47 (95% CI: 0.32, 0.62), despite the differences in modality (telephone vs. hand-held
recorder) and category (animals vs. fruits). Both studies also show the negative impact of
extraneous speech and non-speech events. Our approach to handling the extraneous events
focuses on using confidence scoring to identify speech and non-speech segments that are
less likely to represent words produced in response to a specific verbal fluency task (e.g.,
animals). Another approach is to instruct the participants to refrain from making comments
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or from verbal interaction with the examiner; however, this is less desirable because it may
result in making the test more awkward and unnatural. Furthermore, having the participants
remember to refrain from comments may also alter the psychometric properties of the test
by imposing an additional cognitive burden.

In another study, Jimison et al. (Jimison et al., 2008) developed a computer-game based
approach to indirectly approximate verbal fluency scores in a home-based cognitive
monitoring system. Their approach consists of having the participants compose words from
sets of letters presented as part of a computer game. They found that the complexity of the
words composed using their approach correlated with traditionally measured verbal fluency
performance; however, the word complexity measure accounted for 42% (r = 0.65) of the
variability in the traditional verbal fluency scores. Fitting a regression model with several
other performance characteristics in addition to word complexity improved the correlation
with verbal fluency scores but only marginally to account for 46% of the variability (r =
0.68). It is difficult to compare our study's results to those reported by Jimison and
colleagues due to fundamental differences in the measurements produced; however, a
comparison in terms of correlations between manual and automatic scores shows that the
ASR-based approach presented in this paper estimates verbal fluency scores more directly
and thus is able to account for 64% of the variability (r = 0.80) in the traditional verbal
fluency scores. Furthermore, after implementing reliability filtering we were able to
automatically compute scores for a subset of individuals in which our approach was able to
account for 74% (r = 0.86) of the variability in the traditional verbal fluency scores.

4.4 Limitations

This study has a number of limitations that should be considered in the interpretation of the
results. The current study sample consists of younger individuals with no known cognitive
impairment but are routinely exposed to repetitive head trauma. These participants are at a
higher risk than the general population for developing CTE (McKee et al., 2009; Omalu et
al., 2010). However, at the time of testing for this study, none of the participants were
diagnosed with CTE or any other neurodegenerative disorder. In order to determine the
feasibility of using this technology for the evaluation of more demographically varied and/or
clinical populations, further investigation is necessary for its use in the appropriate similar
samples.

The collection of audio recordings for this study was not optimized to produce the highest
quality audio. While we believe that better ASR results may be achieved with higher quality
equipment optimally positioned in front of the speaker's mouth (e.g., head-word Sennheiser
ME-3 microphone), the current study represents a more “realistic” scenario in which
cognitive testing is typically performed. Nonetheless, further experimentation is necessary to
determine the effect of equipment position and quality on the accuracy of automatic scoring
because any such impact will be mediated by the necessity to filter out erroneous words and
comments regardless of how well they are recognized by the ASR decoder.

We used a very basic approach to language modeling for this particular study. We created a
bi-gram language with Good-Turing discounting as a way of smoothing n-gram counts.
Other smoothing methods may yield better results. It would also be interesting to experiment
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with class-based modeling to represent various semantic subcategories of animals to better
reflect clustering and switching behavior during the performance of verbal fluency tests. It
may also be beneficial to use more sophisticated confidence-scoring methods that, for
example, rely on differences in scores obtained from multiple ASR passes with different
acoustic models. Furthermore, due to relatively small sample size, we did not attempt to
optimize the confidence threshold on an independent dataset and instead used cross-
validation. Thus, the results obtained with the current threshold of 0.7 may not readily
generalize to other datasets and may need to be further verified.

The participants in this study were all native or near-native speakers of English and were
asked to perform the test in English. Thus our study's results may not readily generalize to
English language learners performing this test in English or speakers of other languages
performing the test in their native language. Our current findings as well as prior research
suggest that use of speaker adaptation is going to be beneficial in multi-lingual applications
and for accented speech; however, further validation of these assumptions is required.

The current study only examined one semantic category — animals; therefore, our study's
results may not generalize to other categories typically used in verbal fluency testing.
However, the animal category is used most frequently, which is why we focused on this
category first.

Our approach to automating VF testing and administration assumes that the person being
tested is being cooperative and is not consciously trying to cheat. The only defense
mechanism that the current approach has against possible deception is the reliability filtering
that can help flag samples with suspiciously high number of words (possibly indicating
reading) or low mean confidence scores (possibly indicating use of nonsense words). We do
not consider this to be an effective mechanism to identify deception, which limits the
usefulness of this approach in law enforcement, as well as certain psychiatric and
educational performance testing settings. Similarly, the technology presented here would
need to be further validated on other clinical groups including those with different forms of
aphasias that may negatively influence the accuracy of the ASR component.

5. Future Directions

In this paper, we reported the results of a basic approach to automated scoring of verbal
fluency tests with a focus on producing an estimate that is as close as possible to the
manually calculated score. However, this is just one of the possibilities that computerized
cognitive assessment can offer. ASR technology could potentially be used for more detailed
semantic-level analyses such as measuring the size of semantic clusters and the frequency of
switching between semantic clusters. However, the current implementation of the ASR-
based system is not designed for this task and, thus, the relatively high WER of 56%, even
with the best-performing combination of acoustic adaptation and confidence scoring,
precludes any semantic-level analysis. We believe that we can significantly reduce the WER
by implementing a combination of approaches consisting of language modeling, recording
equipment, and speaker behavior modification. We have conducted another study with
healthy volunteers in which we used the Sennheiser ME-3 microphone to collect higher
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quality audio combined with automated audio instructions for the participants. The latter
approach effectively removes the test administrator from the immediate testing environment
and thus eliminates the opportunity for participants to engage in a dialogue with the
administrator, which in turn results in greatly reducing the amount of extraneous speech. In
this subsequent study, we also plan to introduce a background language model consisting of
typical patterns representative of extraneous speech in order to better separate countable
responses from speech that needs to be ignored during scoring. Furthermore, it may be
beneficial to apply standard keyword spotting approaches to this task in an attempt to
eliminate extraneous speech as well as capture some of the relevant test characteristics, such
as repeated words.

6. Conclusions

This study shows that using ASR in conjunction with minimal speaker adaptation and
confidence filtering produces VF score estimates that are very close to human assessments.
We found that speaker adaptation and confidence filtering need to be used in tandem in
order to maximize each other's benefits — neither technique by itself appears to produce most
optimal results. We also found that additional classification of ASR output in terms of how
likely it is to be accurate based on simple heuristics can help in identifying speakers that can
be scored with the automated system without supervision. These findings have practical
implications for implementing automated VVF scoring in clinical and educational settings.
Implementing “The Rainbow Passage” reading task as a way to perform speaker enrollment
for acoustic adaptation would require minimal effort and additional time — a total of about 1
minute. Both the reading task and the VF task can be performed as part of an automated
sequence on a tablet computer with no additional time required on the part of the staff
administering the test. Further investigation is required, however, in order to validate
automated VF testing in larger cross-sectional and longitudinal samples of healthy
individuals, as well as, various clinical populations.
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Highlights

e We evaluated an ASR-based system for automatic scoring of verbal fluency
tests

» Combination of confidence scoring and speaker adaptation result in improved
scoring over baseline

e Automated scoring is comparable to manual scoring
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Figure 1.
An example showing a comparison between manual and automatic SVF scoring. Raw ASR

output from a system using speaker adaptation and confidence scoring (upper panel) is
compared to manual verbatim transcription (lower panel). Confidence scores shown inside
oval shapes are below the threshold of 0.7. The rendering was generated using Praat.
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Figure 2.
Boxplot of differences in WER means between experimental approaches.
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Figure 3.
Mean signed differences (sDIFF) between manual and automatic SVF scores produced by

different experimental approaches as compared to differences between scores determined by
human raters that participated in the Passos et al. (2011) study.
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Figure 5.
Distribution of various speech and non-speech events in the manual verbatim transcription

of each participant's SVF response relative to the manually determined SVF score value
(marked with the white asterisk symbol).

Speech Commun. Author manuscript; available in PMC 2016 December 01.



1duosnue Joyiny 1duosnuen Joyiny 1duasnuen Joyiny

1duasnuen Joyiny

Pakhomov et al.

Table 1

Summary of experimental approaches to estimating the raw SVF scores

Approach Accoustic Model | Speaker Adaptation | Confidence Scoring
Baseline SI* NO NO
+Confidence SI NO YES
+Adaptation SA YES NO
+Confidence+Adaptation SA YES YES

*
Sl — speaker independent; SA - speaker adapted
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Table 2

Page 25

Comparison of errors in the ASR output across various methods for automatically estimating the SVF scores
averaged across speakers.

* Ins. (N words) | Del. (N words) | Sub. (N words) Word Error Rate Name Error Rate

Corr. (N words) (WER %) (NER %)
N=38 Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Baseline 12.7 (5.6) 9.2(5.9) 3.2(4.9) 18.6 (11.4) 89 (21) 38 (19)
+Confidence 11.9 (5.8) 2.0(2.7) 10.7 (7.7) 11.9(7.9) 70 (16) 36 (12)
+Adaptation 17.5 (5.0) 8.2 (4.9) 2.6 (3.5) 14.5 (10.0) 70 (17) 32(13)
+Confidence 16.5(5.1) 1.7(2.1) 9.1(7.0) 8.9 (6.8) 53 (16) 30(12)
+Adaptation

*
Corr. — count of correctly recognized words averaged across all amples; Ins. — insertions; Del. — deletions; Sub. — substitutions
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Table 3
Comparison of differences between manually and automatically estimated SVF scores averaged across
speakers.
Manual SVF score Automatic SVF Manual-Auto absolute Manual-Auto signed
(N words) score (N words) difference (aDIFF) difference (sSDIFF)
Mean (SD) Mean (SD) Mean (95% CI) Mean (95% CI)
Baseline 24.2 (6.9) 30.2 (8.1) 7.3(5.0,9.7) -6.0 (-4.1, -7.9)
+Confidence 24.2 (6.9) 20.9 (6.8) 55 (3.8,7.3) 3.3(2.3,4.9)
+Adaptation 24.2 (6.9) 32.9(9.5) 8.8 (6.0, 11.6) -8.7 (5.9, -11.5)
+Confidence+Adaptation 24.2 (6.9) 23.7 (6.8) 3.1(2.1,4.0) 0.47 (0.32, 0.62)
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