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A large array of neurological and psychological
conditions is prevalent in civilian and military
populations. To complement current clinical
standards, there is a pressing need for
noninvasive in-field and at-home methods of
assessing such conditions. Lincoln Laboratory
is developing neurobehavior-based biomarkers,
which reflect a change in brain functioning
as manifested in motor control, paired with
neurocomputational biophysical models to
identify neurobehavioral changes. The efficacy
of our approach is illustrated through several
applications for assessing major depressive
disorder, Parkinson’s disease, traumatic brain
injury, and cognitive overload.
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Ment al health impairments can
significantly and adversely affect human
performance and quality of life for civilian
and military populations. Indeed, brain
disorders taken together are a leading cause of global
disease [1]. Toward the goal of finding simple, noninvasive, and objective means to detect, predict,
and/or monitor such conditions, the Human Health and
Performance Systems Group at Lincoln Laboratory is
developing multimodal biomarkers based on behavioral
measurements to detect changes in neurobehavioral
function associated with psychological (e.g., major
depressive disorder), neurotraumatic (e.g., traumatic
brain injury), neurodegenerative (e.g., Parkinson’s
disease), and neurodevelopmental (e.g., autism spectrum
disorder) conditions.
One of our objectives is the discovery of behavioral
based biomarkers that reflect a change or decline in
brain functioning as manifested in motor control and,
more specifically, changes in timing and coordination
within the neuromotor components of a behavior. This
investigation into biomarkers is based on the hypothesis
that motor control is associated with neural coordination
across different parts of the brain. Examples of behaviors
we are examining include vocal and facial expression,
heart rate variability, eye movement, and fine and gross
movement of the extremities. One focus of our investigation is on novel vocal and facial biomarkers that are based
on phonetic timing, articulatory coordination, and facial
muscle coordination during speech production.
A motivation for working in the areas of health and
performance is the prevalence in civilian and military
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populations of conditions that can compromise neuro
behavioral function. Among the neurobehavioral disorders
that affect global health, depression is the single largest
source of lost productivity in high-income countries.
According to the World Health Organization [1], by the
year 2030, disability and lives lost from depression alone
will surpass those caused by cancer, war, stroke, and
accidents. There are roughly 20 suicides per day among
U.S. veterans [2]. It also is projected that by 2030 there
will be 82 million people worldwide with dementia [3].
One in 59 children in the United States has been identified as having autism spectrum disorder (ASD) [4]. About
19 percent of U.S. servicepeople returning from recent
wars experienced a traumatic brain injury (TBI) of some
form, and about 20 percent of that same population has
post-traumatic stress disorder (PTSD) [5]. Other factors,
such as (1) exposures to environmental extremes or occupational chemicals and (2) fatigue resulting from physical
and mental exertion or disrupted sleep patterns, can also
compromise neurobehavioral performance in our servicepeople. Figure 1 illustrates the staggering and increasing
prevalence of mental health conditions and other factors
that can impair neurobehavioral performance.
The many standard methods used in detecting
neurobehavioral performance changes range from brain
imaging to clinical assessments to molecular diagnostics.
These approaches, while useful, can be time and resource
intensive, are often susceptible to the effects of individual
motivation, and, because they often capture feelings or
behaviors at discrete points in time, may lack sufficient
sensitivity to detect subtle changes in behavior. Moreover,
they often lack objective measurement, especially in early
detection of day-to-day performance changes when assessment can be most important. At Lincoln Laboratory, we
are developing technologies that address these limitations
by reaching large populations and detecting, monitoring,
and ultimately intervening to follow the effect of treatment and intervention. Our approach seeks objective
biomarkers that reflect subtle changes in behavior and
makes use of nonobtrusive mobile wearable technologies.
In the context of this article, the term biomarker
refers to any measurement of behavior we can obtain
from a human body, such as talking or walking. Certain
behavioral features have been shown to change with a
subject’s mental and emotional state and under numerous
conditions, including cognitive load and neurological
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FIGURE 1. An array of neurological and psychological
conditions is prevalent in U.S. civilian and military populations.
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disorders. Example modalities used in detecting cognitive
and neurological stress include voice, facial expression,
physiology, eye movement, gait, hand dexterity, and
electroencephalography (EEG) analysis. The use of
behavioral-based biomarkers is not a new concept. Such
biomarkers have been applied in a variety of contexts for
at least two decades. Examples include features derived
from vocal and facial expression, fine and gross motor
movements, physiology, and brain activity [6–40].
Features derived from vocal expression, or voice,
include characterizations of prosody (e.g., fundamental
frequency and speaking rate), spectral representations
(e.g., vocal tract resonance), and glottal excitation flow
patterns (flow shape, timing jitter, amplitude shimmer,
and aspiration) [10, 13, 14, 33, 36] derived from acoustic
measurements. Features from facial expression include
parametric models of the face and representations of
underlying facial muscle groups known as facial action
units [22, 24] derived from video measurements. For
fine and gross motor movements, irregularities in stride,
hand dexterity, and eye tracking have been used in characterizing a variety of neurological conditions, with a few
examples in Russo et al., Samadani et al., and Gowan and
Hamilton [40–42].
We cannot hope in the limits of this article to review
all state-of-the-art behavioral-based feature approaches.
However, what distinguishes Lincoln Laboratory’s
approach from these more standard methods, or what
we will refer to as low-level feature-based approaches,
is the introduction of features motivated by the timing
and coordination of underlying neuromotor control of
behaviors. Although significant effort has been devoted to
behavioral-based biomarkers, little or no study has been
done examining changes in coordination, movement,
and timing of components of a behavior. For example,
in individuals suffering from depression, neurophysiological changes often alter motor control and thus affect
mechanisms controlling speech production and facial
expression. Clinically, these changes are typically associated with psychomotor slowing, a condition of slowed
neuromotor output manifested in altered timing and
coordination across multiple observables of acoustics
and facial movements during speech. We refer to features
based on this paradigm as high-level features.
While we begin in this article with standard low-level
features in each modality, we build upon these using
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high-level timing and coordination features that reflect
underlying neural activity across the brain. It is hypothesized that these relations are associated with neural
coordination across different parts of the brain that
are essential in motor control. Various subsets of these
features have been used effectively at Lincoln Laboratory
for detecting neurobehavioral changes associated with
depression, Parkinson’s disease, TBI, and dementia
[13, 43–46], as well as mental exertion under stress
[43, 47], and thus perhaps form a common feature basis
for neurocognitive change.

Neurophysiological Basis and Framework
Our approach involves biomarkers of human behavior that
we can observe from the human body. At the Laboratory,
we are investigating a number of different behaviors,
broadly defined to include fine motor movements (e.g.,
hand and finger dexterity and eye tracking), gross motor
movements (e.g., balance and gait), skin conductance, and
heart rate. But we are focusing in this article on vocal and
facial expression, and specifically on markers that reflect
change in motor aspects of brain function.

Neuromotor Representations in the Brain
In our approach, we seek biomarkers that satisfy two
primary properties:
1. They reflect decline in brain functioning as manifested
in motor control measured from bodily behaviors.
2. They reflect changes in timing and coordination both
within and across components of a behavior.
Deriving biomarkers from vocal and facial expression is desirable for a number of reasons: vocal and facial
expressions are easily measured, noninvasive, and accessible, and, importantly for our approach, they are highly
complex human behaviors that require precise coordination across different regions of the brain. In speaking, for
example, the articulators (tongue, lips, jaw, and velum)
are finely coordinated, and this coordination can change
under conditions of injury, illness, and stress. Underlying
this articulatory complexity is the even more complex
control system of the brain [48]. As an example, we
overview this control system in speech production. There
is evidence of a similar kind of neural network complexity
that controls facial expression during speaking, as well as
in general expressiveness in paralinguistic socioemotional
communication [49].
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As schematized in Figure 2, the core speechproduction network consists of many components, widely
distributed throughout the brain. These components
go from developing a concept and selecting sentences
and words to express a concept, to deciding syllables
and phonemes to represent words, to positioning and
coordinating articulators, to firing neural signals that
activate muscles to move the articulators. Finally, there
are auditory and somatosensory feedback mechanisms
used to monitor and self-correct speech production.
Somatosensory includes proprioception (a person’s
sense of position and movement of the body) and tactile
feedback (a person’s sense of tongue placement and vocal
cord vibration).
In addition to this core production network,
nonspeech regions of the brain modulate the core. Given
this wide distribution of modules in the brain that either
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directly or indirectly control speech production, it is
likely that one of the modules will be affected by neurological or stress conditions, and speech production will
suffer. In fact, all of the brain disorders mentioned at the
start of this article cause some kind of speech degradation. For depression, as an example, there is evidence
that a nonspeech region called the limbic system, which
controls mood and emotion, is disrupted. This disruption propagates to the core speech network, in particular
to neural circuits that control timing and coordination
of the articulators. The general observation by clinicians that depressed individuals, on average, tend to talk
slower and have less clarity in their articulation than do
nondepressed individuals is consistent with a disruption
of timing and coordination circuits. Motivated by these
observations, we have introduced two novel biomarkers
that are based on the decline in neuromotor timing and

Neural signaling, muscle
activation
Speech

FIGURE 2. The figure shows a simplified view of the core speech production neurocognitive network with many components widely
distributed throughout the brain. The somatosensory region is associated with tactile and proprioceptive (a sense of position and
movement of the articulators) sensory feedback. Nonspeech regions, such as visual and cognitive areas (not shown), can modulate
the core speech network. It is important to note that Figure 2 is a gross oversimplification of the speech brain network that involves
complex coordination across multiple brain regions.
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coordination that we will describe. We also consider these
biomarkers more generally across all conditions.

Audio and video of speech and face
Input into Lincoln
Laboratory system

Framework
The new features and the corresponding detection system
that we have designed leverage many years of Laboratory
expertise in speech and facial signal processing and
automatic classification. At a bird’s eye view (Figure 3), our
detection system first estimates a set of standard vocal and
facial features. These features that leverage our and others’
past work [50–52] we call low-level features. Examples of
low-level features from an acoustic speech signal are vocal
tract resonances (termed formants in the speech community) and automatically derived speech phoneme labels
(units of sound that distinguish one word from another).
Low-level features from facial video are facial action units
that reflect muscle groups associated with basic elements
of expression (lowered brow, puckered lips). From these
low-level features, we then extract our new features on the
basis of a timing and coordination concept, and we call
these high-level features. With the high-level features, we
train a classifier that provides us with a binary decision or
severity-level estimate of a condition.

Feature Extraction
Vocal Features
The categorization of vocal characteristics is broken down
into three components: speech source (at the vocal folds),
system (vocal tract), and prosody (sometimes referred
to as the melody of speech). As shown in Figure 4, the
lungs provide the airflow that assists in making the vocal
folds vibrate, sending a periodic or noise-like stimulus
to the vocal tract. The vocal tract—consisting of the oral,
nasal, and pharynx subsystems—provides “color” to the
sound, with different tract shapes yielding different
phonemes. Prosody is a function of pitch, timing, and
energy fluctuations.
We exploit dynamic variation and interrelationships across speech production systems by computing
features that reflect complementary aspects of the
speech vocal-fold source, vocal tract system, and prosody
[50]. Across the three categories, we use a broad suite
of features that are used in the detection of neurological
disorders and neurobehavioral performance changes
associated with a wide range of exposures and other
sources of stress [13, 43–47, 53–60]. In each category,
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Low-level features, e.g., vocal tract
resonances, phoneme boundaries

High-level features, e.g., timing
and coordination

High-level features used
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FIGURE 3. Lincoln Laboratory’s system can detect the
presence or estimate the severity of a neurobehavioral
condition. Low-level features are first derived from audio
and video of speech and face, respectively. Next, highlevel features are extracted from neuromotor timing and
coordination features. These high-level features are then
used to train a classifier to determine the presence and/or
severity of a neurobehavioral condition.

we leverage low-level and high-level feature types that
were introduced previously.
LOW-LEVEL FEATURE EXTRACTION

The various low-level features are estimated from
windowed speech segments frame-by-frame over time,
and the window type (e.g., Hamming, Hanning, Kaiser),
length (typically between 10–40 ms), and sliding frame
(typically between 1–10 ms) are selected depending on
the feature type.
Many standard low-level features used in the speech
community characterize the degree of periodicity of
the vocal-fold vibration within the vocal source. One
such feature is the harmonics-to-noise (HNR) ratio,
which is the ratio, in decibels (dB), of the power of the
harmonic (periodic) signal from vocal-fold vibration
and the power of the speech noise signal at the vocal
folds created by turbulence as air rushes past the vocal
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FIGURE 4. This illustration shows the speech source (at the
vocal folds) and system (vocal tract) [50]. Prosody is a function
of pitch, timing, and energy fluctuations. The lungs provide
an energy source and the airflow that assists in making the
vocal folds vibrate, providing input to the vocal tract. The vocal
tract—consisting of the oral, nasal, and pharynx subsystems—
provides “color” to the sound created at the vocal folds, with
different tract shapes yielding different phonemes.

folds from the lungs. This measure is thought to reflect
breathiness in a voice. Our HNR is computed by using
a periodic/noise decomposition method that employs
a comb filter to extract the harmonic component of a
signal [61, 62]. Two other low-level source features are
(1) cepstral peak prominence (CPP), which is defined
as the difference in dB between the magnitude of the
highest peak and the noise floor in the power cepstrum
(the result of taking the inverse Fourier transform of
the logarithm of the estimated spectrum of a signal)
and (2) a measure called creak, corresponding to what
is often referred to as creaky voice, which reflects large
irregularity in pitch periods (often with low average
pitch) and high peakiness of airflow pulses that excite
the vocal tract [63, 64].
Low-level vocal tract–based features are designed
to reflect the intensity and temporal dynamics of the
vocal tract frequency response. One primary feature
set comprises the vocal tract resonances (referred to
as formant frequencies) estimated by a Kalman filter
technique, smoothly tracking the first three formant
frequencies while also smoothly coasting through
nonspeech regions [28]. A second primary feature set
is referred to as Mel-frequency cepstral coefficients
(MFCCs) that provide frequency response intensity, while

16 delta MFCCs [50] are used to characterize velocities
of vocal tract spectral magnitudes [65]. Delta MFCCs are
computed by using regression with the two frames before
and after a given frame.
The final low-level feature types reflect speech
prosody. The first feature type is pitch (also referred to
as fundamental frequency), which we estimate by using
a time-domain autocorrelation method [50]. Our second
prosodic-based feature type relies on an automatic
phoneme recognition algorithm [66]. This algorithm
obtains phonetic boundaries and phoneme labels with
one of 40 phonetic speech classes detected and allows us
to obtain average speaking rate (number of phonemes
per second).
HIGH-LEVEL FEATURE EXTRACTION

Our high-level features, often derived from low-level
features, are designed to capture timing, coordination,
and fine time resolution of dynamics of speech production components. We refer to one high-level feature
type as correlation structure, which is a function of the
temporal correlation (on different time scales), reflecting
a form of coordination within and across vocal source,
system, and prosodic speech components (illustrated in
Figure 5).
In this approach, channel-delay correlation and
covariance matrices are computed from multiple timeseries channels of vocal parameters. Each matrix contains
correlation or covariance coefficients between the channels
at multiple time delays. Changes over time in the coupling
strengths among the channel signals cause changes in
the eigenvalue spectra of the channel-delay matrices.
The matrices are computed at multiple time scales corresponding to separate subframe spacings. Features at each
time scale consist of the eigenvalue spectra of channeldelay correlation matrices, covariance power (logarithm
of the trace), and entropy (logarithm of the determinant) from channel-delay covariance matrices. Under
various conditions, we find different degrees of dynamical complexity both within (e.g., formant frequencies, or
HNR versus CPP) and across (e.g., formant frequencies
vs creak), dependent on the condition, as reflected in
eigenvalue distributions. This methodology is illustrated
in Figure 6 with the example of the generation of formant
track correlation matrices. Further mathematical details
of this approach are in Williamson, Bliss, et al. [58],
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FIGURE 5. Circled in red, the anatomical
regions where coordination and timing
features are derived are within the
articulatory elements that form the
vocal tract (a), across vocal tract and
vocal source, or fold, components (b),
and across muscle groups in facial
expression (c). MRI IMAGES COURTESY OF

(a)

(b)

which introduced the method for the analysis of EEG
signals for epileptic seizure prediction, and in Quatieri,
Williamson, et al. [43], which describes the approach in
the context of speech and face processing.
We have also introduced a feature set that characterizes the structure of signal coherence and power at
multiple frequency bands within and across speech
components over time. We refer to this as coherence
structure. The coherence between channels, indicating
the amount of cross-channel power in a frequency band
relative to the amount of within-channel power, provides
a measure of how closely related the signals are within
a frequency band. The power and cross-power are
computed among three formant frequency channels in
three different frequency bands, and a 3 × 3 coherence
matrix is constructed for each band. Analogous to correlation structure, the eigenspectra of the coherence matrices
indicate the structure of coherence across the channels.
Our high-level vocal source and prosodic features
rely on their low-level counterparts described earlier. In
one case, we leverage a finer time scale on a phoneme
level (within phoneme boundaries), using feature sets of
phoneme-dependent durations [56]. Based on estimated
average durations for each phoneme, the summed
average durations of certain phonemes are linearly
combined to yield fused phoneme duration measures. A
subset of phonemes whose summed durations are highly
correlated with an assessment (e.g., known depression
or cognitive load level) on a training set is selected to
create these fused measures, with weights based on the
strength of their individual correlations. This phonemedependent feature paradigm is shown in Figure 7. A fused
phoneme-dependent pitch slope measure is also obtained
by using essentially the same procedure as described above.
For each passage in a training set, the set of phonemes with
the highest correlating summed pitch slopes is selected.
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Facial Features
As with vocal features, high-level facial features rely on
low-level features. Likewise, analogous to vocal high-level
features, we use correlation-based measures that reflect
the coordination of facial muscle groups and a rate
measure that reflects the duration of each muscle group.
LOW-LEVEL FEATURE EXTRACTION

Characterizing the effects of neurological disorders on
facial movements is an active research area. For example,
among people suffering from major depressive disorder,
measurable differences have been found in facial expressions [22], including acute reductions in involuntary
facial expressions in depressed persons [23] and changes
in facial expressions that are imperceptible to clinicians
[18]. The facial action coding system (FACS) is a systematic method for quantifying localized components of
facial expressions called facial action units (FAUs). Each
FAU corresponds to distinct sets of muscle movements
of the face [24]. The University of California San Diego
has developed a computer expression recognition toolbox
(CERT) that provides automatic identification of FAU
likelihoods or probabilities from individual video frames
[27]. Figure 8 lists the FAUs output by CERT for videobased facial expression analysis.
HIGH-LEVEL FEATURE EXTRACTION

The coordination of facial movements during speech
can be measured by using correlation structure features
obtained from the multivariate FAU time series described
in Figure 8. With the same method we used to assess
coordination from audio-based features, we can construct
high-dimensional channel-delay correlation matrices in
which each matrix element represents the correlation
coefficient between two FAU time series (channels) at
a particular relative time delay [54]. Analogous to our
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FIGURE 6. The diagram presents the cross-correlation
analysis of articulatory coordination, as performed through
formant-based features using channel-delay correlation
matrices at multiple time scales (i.e., subsamplings of
the correlation functions as denoted by 1T, 3T, and 7T,
where T is the underlying speech analysis frame) [46, 50].
Each matrix contains correlation coefficients between
the channels at a specific time delay. A channel-delay
matrix at the third delay scale is shown, using the first
two formants (F1 and F2), consisting of four submatrices,
each representing an auto- or cross-correlation across
formant pairs. Correlation matrices for other time delays
are formed similarly. Changes over time in the coupling
strengths among the channel signals cause changes in the
eigenvalue spectra of the channel-delay matrices.

vocal measures, the eigenspectrum of the correlation
matrix then characterizes the total level of independent
movement (i.e., complexity) contained in the FAU set.
The facial coordination features represent the total
amount of independent movement captured by the FAUs,
without regard to the level of movement contained in
individual FAUs. Facial activation rate features take a
different tack, representing the average level of activation among those FAUs that correlate strongly with the
outcome measure of interest, such as depression score
[54]. Analogous to our phoneme-duration strategy,
an aggregate measure of facial activation rate is then
obtained by linearly combining the rates of the highly
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correlated FAUs, with negative weights assigned to FAUs
with negative correlations.

Electroencephalogram Features
Although not often feasible for a long-term objective of
a nonintrusive mobile platform, electroencephalogram
(EEG) is used as a reference and sometimes as ground
truth. As with vocal and facial characterization, we work
with low- and high-level features in EEG analysis.
The EEG signals were measured with a 1000 hertz
(Hz) sampling with a 64-element Neuroscan system,
followed by high-pass filtering and standard artifact
removal. The EEG signals were decomposed into five
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frequency bands that have been implicated in cognitive,
sensorimotor, and perceptual activities (delta, theta,
alpha, beta, gamma), with band ranges of 0–4 Hz, 4–8 Hz,
8–16 Hz, 16–32 Hz, and 32–49 Hz, respectively [25].
Decomposition was performed by bandpass filtering
in each of these frequency bands at each channel. In our
low-level analysis, we use EEG channel-dependent band
power to compute measures of spatial activity patterns,
which provide a basis for and complementary information
to high-level features.
In high-level analysis, our guiding principles are that
successful cognition requires coordinated neural activations in brain networks linking multiple brain regions
and that these networks communicate using oscillatory
codes operating over a wide range of frequencies. Based
on these principles, our high-level feature approach is
to use measures of neural coordination indicated by
EEG connectivity at each frequency band. We use two
connectivity measures: pairwise channel coherence and
covariance [43, 67]. Coherence measures cross-channel
power relative to within-channel power, whereas covariance measures cross-channel correlation weighted by
within-channel power.

Neurological Disorders
The general classification framework and biomarker
extraction approach have been applied to numerous
psychological and neurological disorders. Researchers
in the Human Health and Performance Systems Group
at Lincoln Laboratory have applied these principles to
the detection of major depressive disorder, Parkinson’s
disease, mild traumatic brain injury, dementia, and
amyotrophic lateral sclerosis (ALS). Here, we focus on
the first three of these conditions.

Predicting Major Depressive Disorder Severity
Major depressive disorder (MDD) is the most prevalent
mood disorder, with a lifetime risk of experiencing the
disorder ranging from 10 to 20 percent for women and
5 to 12 percent for men [68]. As the number of people
suffering from MDD steadily increases, so too does the
burden of accurate diagnosis. Currently, the diagnosis of
MDD requires a comprehensive assessment by a professional with significant clinical experience. However, the
inter-clinician variability of these assessments makes
the tracking of medication efficacy during clinical trials
36
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D3

Correlate with condition assessments

Weighted sum of phoneme durations
FIGURE 7. Phoneme-dependent duration extraction [56]
first requires automatic phoneme recognition, followed by
measuring the average duration (D) of each phoneme (there
are 42 in the English language). Average duration measures
are then correlated with the condition assessment (e.g.,
severity of depression) across subjects. The final feature is
a weighted sum of phoneme durations, where weights are a
function of the correlation value for each phoneme.

difficult. The growing global burden of MDD suggests that
a convenient and automated method to evaluate depression severity would both simplify and standardize the
tasks of diagnosing and monitoring depression, allowing
for greater availability and uniformity in assessment.
An automated approach may reduce multiple in-office
clinical visits, facilitate accurate measurement and identification, and quicken the evaluation of treatment. Toward
these objectives, potential depression biomarkers of
growing interest are vocal and facial expression features,
two categories of easily acquired measures that have been
shown to change with a patient’s mental condition and
emotional state [14–16, 24, 27, 28, 66, 69].
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FACIAL ACTION UNIT
DESCRIPTION

1

Inner brow raiser

2

Outer brow raiser

4

Brow lowerer

5

Upper lid raiser (eye widen)

6

Cheek raiser

7

Lid tightener

9

Nose wrinkler

10

Upper lip raiser

12

Lip corner puller

14

Dimpler

15

Lip corner depressor

17

Chin raiser

18

Lip pucker

20

Lip stretcher

23

Lip tightener

24

Lip presser

25

Lips part

26

Jaw drop

28

Lip suck

45

Blink/eye closure
(a)

VOCAL AND FACIAL CHARACTERIZATION

Depression exhibits changes in all three vocal components
described above: speech excitation (source), vocal tract
(system), and pattern of stress and intonation (prosody).
Depression-related changes in speech reflect the perception of qualities, such as monotony, slur, slowness,
hoarseness, and breathiness, in the speech of depressed
individuals. Hoarseness and breathiness may be associated with speech source characteristics (at the level of the
vocal folds). Monotony may be associated with prosody
(e.g., modulation of speech-rate, pitch, and energy),

Amplitude

ACTION UNIT
NUMBER

Time (8 s)

(b)
FIGURE 8. The 20 facial action units from the computer
expression recognition toolbox, or CERT, are listed in (a) with
their corresponding action unit (AU) number. (We list only the
20 facial action units that are included in CERT; there are many
additional facial action units not listed here.) Example time
series of five of these facial action units, extracted from video
during speaking, are shown in (b). The time series illustrate
time variations of each of these facial action units.

and slur with speech system characteristics (e.g., vocal
tract articulators). Likewise, characterizing the effects of
depression on a speaker’s facial movements is an active
research area. Early work found measurable differences
between facial expressions of people suffering from MDD
and facial expressions of nondepressed individuals [24].
Electromyography monitors can register facial expressions that are imperceptible during clinical assessment
[18] and have found acute reductions in involuntary
facial expressions in depressed persons [23].
Although significant effort has focused on studying
vocal and facial biomarkers for emotion classification,
little or no study has been done investigating changes in
coordination, movement, and timing by using speech and
facial modalities for depression classification or severity
prediction. In individuals suffering from MDD, neurophysiological changes often alter motor control and thus affect
mechanisms controlling speech production and facial
expression. Clinically, these changes are typically associated with psychomotor retardation, a condition of slowed
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neuromotor output manifested in altered coordination
and timing across multiple observables of acoustics and
facial movements during speech [53]. Alluded to earlier is
evidence that a nonspeech region called the limbic system
(that controls mood and emotion) is disrupted, and this
disruption propagates to the core speech network and in
particular neural circuits that control timing and coordination of the articulators (Figure 9). Consistent with
a disruption of timing and coordination circuits is the
general observation by clinicians that depressed subjects,
on the average, tend to talk more slowly and have less
clarity in their articulation than nondepressed individuals. Likewise, during speaking, the corresponding facial
expression is slower and flatter in effect.
FEATURE SELECTION

Motivated by this neural-based hypothesis and clinical
observations, we developed and applied a variety of the
high-level articulatory and facial coordination features
and vocal and facial timing features outlined earlier
[46, 53, 54, 56]. Our high-level coordination-based
features are designed to characterize properties of coordination from the low-level features. After investigating
multiple combinations of the low-level vocal features as
input to correlation analysis, we found the best overall
performance was achieved by using the following three
combinations: (1) formant–CPP, (2) CPP–HNR, and
(3) delta MFCC. Channel-delay correlation and covariance matrices are computed from multiple time-series
channels (of given vocal and facial parameters). Each
matrix contains correlation or covariance coefficients
between the channels at multiple relative time delays.
Changes over time in the coupling strengths among
the channel signals cause changes in the eigenvalue
spectra of the channel-delay matrices. The matrices are
computed at four separate time scales, in which successive time delays correspond to frame spacings of 1, 3, 7,
and 15. Overall covariance power (logarithm of the trace)
and entropy (logarithm of the determinant) are also
extracted from the channel-delay covariance matrices
at each scale. For vocal-based timing features, we use
cumulative phoneme-dependent durations and generalize
to phoneme-dependent pitch slopes, obtained by using
estimated phoneme boundaries. For facial-based timing
features, we use FAU rates obtained from their estimated
posterior probabilities.
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EXAMPLE DETECTION

We have tested our biomarkers on a variety of depression databases. Here we focus on the 2014 Audio/Video
Emotion Challenge (AVEC) that uses a depression
corpus that includes audio and video recordings of
subjects performing two human-computer interaction
tasks in the German language: (1) reading a phonetically balanced passage and (2) replying to free-response
questions [54]. Data were collected from 84 German
subjects with ages ranging between 18 and 63 years,
with a mean of 31.5 years and a standard deviation of
12.3 years. Video of the subjects’ faces was captured
with a webcam at 30 frames per second and a spatial
resolution of 640 × 480 pixels. Audio was recorded with
a headset microphone at a sampling rate of 32 kHz or
48 kHz. For each session, the standard self-reported
Beck Depression Inventory (BDI) assessment score
was available. The recorded sessions were split into two
datasets: 100 subjects in the training set for designing a
classifier and 50 subjects for the test set.
Articulator
positions
Syllables,
phonemes

Mood/emotion
(limbic system)
Articulator and
fold timing and
coordination
FIGURE 9. A simplified view of the modulation of representative
components of the core speech network by the limbic system
in depression is illustrated. Our hypothesis is that depression
disrupts the limbic system, modifying core production
regions required for precise timing and coordination of sound
production. This hypothesis is supported by observed average
slowing of speaking rate and general decline in clarity.
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For our coordination-based features, Figure 10
shows examples of eigenvalue characterization from
free-speech data with eigenspectra of the depressed
subjects containing less power in the small eigenvalues,
indicating a lower level of independent movement. This
effect was observed across a spectrum of BDI scores from
83 different subject recordings in which the averages of
normalized eigenvalues are plotted for different BDI score
ranges (a higher score range indicates greater depression
severity): 0–8 (blue), 9–19 (cyan), 20–28 (green), and
29–45 (red). Three different feature types are illustrated:
vocal tract control (formants), clarity (vocal source:
HNR-CPP), and facial movement (FAUs). A monotonic

Normalized eigenvalue

1
0.5
Mild
Low

0

Moderate
Severe

–0.5
–1
0

10

20

30

40

50

60

Eigenvalue index

(a)

decrease in the average normalized eigenvalues with
higher BDI score indicates that depression correlates with
lower levels of independent vocal and facial movements,
i.e., lowered ability for complex motor control.
For our timing features, Table 1 shows cumulative
phoneme-dependent durations, obtained from estimated
phoneme boundaries; for facial-based timing features,
we see FAU rates obtained from their estimated posterior probabilities. Specifically, Table 1 shows the 10
highest correlations with BDI scores of average phoneme
durations (a) and FAUs (b) from the AVEC dataset for
speech from a read passage (North Wind) and from free
speech. For facial-based timing features, we use FAU rates
obtained from their estimated posterior probabilities.
Notice that the aggregate measures have higher correlations than those of any individual feature type.
Our next step involved mapping the features into
univariate scores that can be easily mapped into BDI
predictions. To do this, we used a novel extension of a
generative Gaussian mixture model (widely used for
automatic speaker recognition [65]) referred to as a
Gaussian staircase classifier [54], and a discriminative
extreme learning machine, a single layer feedforward
neural network architecture with randomly assigned
hidden nodes [57].
Our overall prediction system is shown in Figure 11.
In both training (construct models) and testing (apply
1

0.5
Low
Mild

0

Severe

–0.5

Moderate

–1

Normalized eigenvalue

Normalized eigenvalue

1

0.5
Moderate
Low
Mild

0

Severe

–0.5
–1

0

50

100

150

200

250

300

0

5

10

Eigenvalue index

Eigenvalue index

(b)

(c)

15

20

FIGURE 10. Correlation structure features are given as average normalized eigenvalues for four Beck Depression Inventory (BDI)
ranges for three different feature types: (a) vocal tract control (formants), (b) facial movements (facial action units), and (c) speech
clarity (vocal source: HNR-CPP). The different BDI score ranges are 0–8 (blue), 9–19 (cyan), 20–28 (green), and 29–45 (red). A higher
score indicates greater depression severity.
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models), after low- and high-level audio- and videobased feature extraction, we typically performed feature
dimensionality reduction to account for an often
high-dimensionality feature set. From the audio- and
video-based features extracted, eight different feature sets
were defined. Initial BDI predictions were then obtained
from three predictors, which used different combinations
of the eight feature sets and two types of classifiers. Each
of the three predictions was obtained by using a univariate
regression model created from the training set and applied
to the classifier output from the test data. The outputs of the
three predictors were fused to create a final BDI prediction,
using weights based on each predictor’s accuracy. Details of
the methodology are found in Quatieri, Williamson, et al.
[43] and Williamson, Quatieri, et al. [54].
The prediction system shown in Figure 11 was
used for our best submission in the AVEC 2014

Challenge, with BDI score root-mean-squared error
(RMSE) = 8.12 across the test data. A similar system was
used in the AVEC 2013 Challenge. In both challenges,
Lincoln Laboratory took first place. Note that an alternative objective is detection of depression state. We
can achieve this through mapping BDI scores into
two ranges—severely depressed (25–50 BDI score
range) and moderately depressed (0–24)—and then
mapping predicted scores to one of the two classes to
form a detector. Figure 12 shows the receiver operating
characteristics (ROCs) (false-alarm versus true detection rates) for this mapping in both the AVEC 2013 and
2014 Challenges.

Predicting Parkinson’s Disease Severity
Parkinson’s disease is a neurological disorder with
associated progressive decline in motor precision and

Table 1. Correlation Coefficient (r) of Average Phoneme Durations (a) and Facial Action Unit
(FAU) (posterior probabilities) Timing Features (b) with Beck Depression Inventory Scores
FREE SPEECH

Phoneme

r

Phoneme

r

n

–0.38

ih

0.34

ah

0.35

ey

–0.27

d

–0.23

r

0.25

ih

0.22

sil

0.24

b

–0.20

oy

–0.20

g

0.18

ah

0.19

ae

0.17

y

0.16

dh

–0.15

m

0.16

eh

0.15

g

–0.14

iy

–0.15

er

0.14

Fused

0.63

Fused

0.51

(a)

NORTH WIND

FAU
Common FAUs for both
passages

NORTH WIND

Brow lower

FREE SPEECH

r

FAU

0.24

Brow lower

–0.28

Dimpler

–0.18

Eye widen

–0.26

Eye widen

–0.27

Lip stretch

–0.24

Lip stretch

–0.15

Lip tightener

–0.30

Lip tightener

–0.22

Nose wrinkle

0.21

Nose wrinkle

0.19

Chin raise

–0.23

Cheek raise

0.14

Lip corner
pull

–0.30

Lids tight

0.16

Lip pucker

0.27

Lip corner
depressor

0.17

Jaw drop

0.37

Outer brow
raise

–0.16

Fused

0.58

Fused

For each session in the training set, the subject’s self-reported Beck Depression Inventory assessment score was available.
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sensorimotor integration, stemming presumably from
the basal ganglia. In this disorder, a steady loss of cells
in the midbrain leads to speech impairment in nearly
90 percent of subjects [19]. Early, accurate detection of
Parkinson’s disease may aid in possible intervention and
rehabilitation. Thus, as with MDD, simple noninvasive
biomarkers are desired for determining disease severity.
Toward this end, we have applied a methodology similar
to that developed for predicting MDD, introducing a
novel set of acoustic speech biomarkers and fusing them
with conventional features to provide clinical assessment
of Parkinson’s disease.
VOCAL CHARACTERIZATION

Our acoustic biomarkers reflect changes in speech
production that are due to disturbances in underlying neurophysiology that affect the source, system,
and prosodic components of vocal expression. In

Training data
Sessions with
known BDI score
Session 1
Session 2
Session 3
Test data
New session
Session 1

Low-level
feature extraction

High-level
feature extraction

Low-level
feature extraction

High-level
feature extraction

Low-level
feature extraction

High-level
feature extraction

particular, impairment to the basal ganglia may in
turn modulate (and cause impairment in) the core
speech network, analogous to the interaction shown
in Figure 9 with depression. Speech and voice characteristics of Parkinson’s disease include imprecise and
incoordinated articulation, monotonous and reduced
pitch and loudness, variable speech rate and rushes
of breath and pause segments, breathy and harsh
voice quality, and changes in intonation and rhythm
[19, 30, 31, 57, 70, 71]. Such changes occur at phonetic
and larger time scales, including multiscale perturbations
in formant frequency and pitch trajectories, in phoneme
durations and their frequency of occurrence, and in
temporal waveform structure. We have also introduced
articulatory features based on a neural computational
model of speech production that is introduced in more
detail in the article “Fundamental Brain Research” in
this issue of the Lincoln Laboratory Journal.

Construct models
Dimensionality
reduction

Multivariate
fusion

BDI score
regression

Apply models
Low-level
feature extraction

High-level
feature extraction

Dimensionality
reduction

Multivariate
fusion

� Audio: Speech
source, system,
prosody
� Video: Facial
action units

� Correlation
structure
� Timing

� Principal
component
analysis

� Gaussian
mixture models
� Extreme
learning
machines

BDI score
prediction

BDI
score

� Univariate
regression

FIGURE 11. This figure shows a block diagram of the developed system for predicting the Beck Depression Inventory (BDI)
assessment score. In training to obtain classifier models and in testing, the processing pipeline involves extraction of high-level
features derived from low-level features, dimensionality reduction, fusion, and BDI score regression based on different classifiers.
Low-level feature extraction characterizes properties of the speech or video signal within short duration (10 ms or 30 ms) time
windows. High-level feature extraction computes summary statistics from these low-level features over an entire passage of
recorded speech. These high-level features are composed of the eigenspectra of correlation matrices, which are created using
time-delay embedding of the low-level feature time series at multiple time-delay scales. Dimensionality reduction of these
eigenvalue-based feature vectors is done by using principal components analysis. Finally, Gaussian mixture models and extreme
learning machines are used to produce prediction scores that are mapped into BDI predictions by using univariate regression.
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Probability of detection

1
0.8
0.6
0.4

AVEC 2013 Challenge

0.2
0

AVEC 2014 Challenge
0

0.2

0.4

0.6

Probability of false alarm

0.8

1

FIGURE 12. ROC detection curves (false alarm versus true
detection rates) are shown for the AVEC 2013 and 2014
Challenges. In 2013, only speech was used, while in 2014,
both speech and facial action units were leveraged but with
considerably less training data provided. In both cases, true
detection versus false-alarm rate trade-offs were favorable,
i.e., for about 20 percent false alarms, we obtain about 85
percent detection accuracy. An automated system that can
classify major depressive disorder at this level of accuracy
would be extremely useful as a clinical screening tool.

FEATURE SELECTION

Our feature development reflects the three basic aspects
of speech production: phonation (source), articulation
(vocal tract), and prosody (intonation and timing). Our
methodology is largely similar to those used in predicting
depression severity: we design high-level features to
characterize properties of timing and coordination from
the low-level features. For example, our primary features
exploit changes in phoneme-dependent durations, pitch
slope, and formant frequency slope. The effectiveness of
these features is consistent with previous findings that
certain speech segments are more prone to variation than
others in Parkinson’s disease [72, 73].
We also use a high-level correlation structure
of formant trajectories but expand this concept to a
correlation structure of the position of speech articulators derived from a neurocomputational model of speech
production, the Directions into Velocities of Articulators
(DIVA) model [48]. (See the article “Fundamental Brain
Research” in this issue for a more complete description
of this approach, which uses a vocal source model in
contrast to a vocal tract system model, and its application to depression.) The DIVA model takes as inputs the
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first three formants and the fundamental frequency of a
speech utterance. Through an iterative learning process,
the model then computes synaptic weights that correspond to modules of the speech production process,
including aspects of the articulatory feedforward mechanism and auditory and somatosensory feedback errors
(Figure 13). We hypothesize that Parkinsonian speech
results from impairments in certain components of
the speech production process, and therefore, when
the model is trained on Parkinsonian speech via the
iterative learning process, the internal variables reflect
the severity of the disorder [57]. In this work, we have
focused specifically on the correlation structure features
derived from the DIVA model’s 13 time-varying articulatory position states, with the same delay and scale
parameters used for the correlation structure of the
formant trajectories. More details and the complete
feature selection process are described in Williamson
et al. [57].
EXAMPLE DETECTION

One Parkinson’s disease database we are working with is
from the Interspeech 2015 Computational Paralinguistic
Challenge described in Orozco-Arroyave et al. [19].
Assessments of Parkinson’s severity are based on the
Unified Parkinson’s Disease Rating Scale (UPDRS) with
a score range of 6–92 [35]. A higher score indicates
higher severity. The language is Spanish and the dataset
is divided into 42 tasks per speaker, yielding 1,470 recordings in the training set (35 speakers) and 630 recordings
in the development set (15 speakers), both with UPDRS
scores provided. The dataset also contains 462 recordings (11 speakers) in the test set, without UPDRS scores
provided. The duration of recordings ranges from 0.24
seconds to 154 seconds.
As an example of the discriminatory capability of our
articulatory coordination–based features derived from
the DIVA neurocomputational model, Figure 14a shows
eigenvalue characterization of the correlation structure
features derived from the model’s 13 time-varying articulatory position states. The average eigenvalues for three
different ranges of Parkinson’s severity are computed (in
standard units) for the sentence “Luisa rey compra el
colchón duro que tanto le gusta” across speakers from
the training set. These averages reveal distinct differences related to Parkinson’s disease severity. These
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FIGURE 13. Biomarkers
are derived from a
neurocomputational speech
production model, which
includes articulatory feedforward
mechanisms and auditory and
somatosensory feedback errors.
The model’s optimal parameter
fit, given a measured speech
signal, provides input to highlevel feature extraction by using
correlation structure analysis.

Auditory
state map

Somatosensory
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Articulatory model
Brain’s neurobiophysical control
loop feeds neurocomputational
speech production model
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differences were observed across a spectrum of scores
for correlation structure features from different tasks.
The decrease in the higher-indexed average normalized eigenvalues with higher Parkinson’s disease score
indicates that Parkinson’s disease correlates with lower
levels of independent vocal movements, i.e., lowered
ability for complex motor control, as we observed in
major depressive disorder.

Frequency (Hz)

D1

D2

D3

Tracking of 1st, 2nd, and
3rd vocal tract resonances

Time (s)

Speech signals provide input
to high-level feature extraction

In an approach similar to our detection prediction
methodology, we fused a subset of our set of speech
features into the Parkinson’s severity prediction system
by using multiple Gaussian staircase statistical regression
models. Using a linear combination of the predictions
from the multiple statistical models, we obtained
Spearman correlations (a nonparametric measure of
dependence between two variables) between predicted
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Detecting Cognitive Decline from Neurotrauma
Mild traumatic brain injury (mTBI) affects an estimated
1.7 million civilians each year, who incur the condition primarily because of sport injuries, falls, and car
accidents. Servicepeople are at significant risk of mTBI
because of the hazards associated with military training
and operations. A wide variety of sensorimotor (e.g.,
speech, dexterity, vestibule) and cognitive (e.g., attention,
memory) problems may result from mTBI. Changes in
neurocognitive status following concussion injury may
adversely impact an individual’s work and daily life, and,
in the military context, may affect individual and unit
readiness. The ability to determine cognitive performance changes associated with mTBI in an objective,
noninvasive way would facilitate the monitoring of injury
during all stages of care and recovery, and would serve as
a valuable decision aid to leaders for determining when a
soldier can safely return to duty.
Since speech and cognitive processes are highly
coupled in the brain (sharing similar pathways and
regions, perhaps each modulating the other), we would
expect to be able to detect cognitive changes through
changes in vocal and facial expression during speaking.
We applied the methodology introduced earlier to a
civilian case (high school athletes) and a military case
(U.S. veterans), showing that our features based on
timing and coordination of the complex motor activity
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scores and clinical assessments (the metric of choice for
the Interspeech 2015 database) of r = 0.63 on the training
set (fourfold cross validation), r = 0.70 on a held-out
development set, and r = 0.96 on a small held-out test set
[57]. As illustrated in Table 2, our neurological model–
based features provide a sizable gain over our more
standard timing and coordination features.
Using a system analogous to our depression prediction system, we can split the UPDRS scores in the middle
and design a binary detection problem. Figure 14b shows
the resulting true detection versus false-alarm rate for this
binary detection scenario, indicating that the algorithm
can effectively discriminate between minimal to mild and
moderate to severe Parkinson’s disease levels. Features
used in detection are derived from a combination of
primarily phonetic timing and formant coordination
representations and articulatory coordination derived
from the DIVA neurocomputational model [57].

Normalized eigenvalue
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0.8
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0.4
0.2
0
0

0.2

0.4

Probability of false alarm

(b)
FIGURE 14. The plot in (a) shows average eigenvalue features
on the development set for three ranges in the Unified
Parkinson’s Disease Rating Scale: 0–20 (blue), 21–40 (green),
and 41–100 (red). The plot in (b) shows the true detection
versus false-alarm rate for this detection scenario on the test
set, indicating that the algorithm can effectively discriminate
between minimal to mild and moderate to severe Parkinson’s
disease levels. Features used in detection are derived from
a combination of primarily phonetic timing and formant
coordination representations and articulatory coordination
derived from the DIVA neurocomputational model [57].

of vocal and facial expression while speaking provide
sensitive indication of cognitive impairments resulting
from neurotraumatic injury. The datasets we explored
represent a variety of mTBI types, some involving
concussion and some requiring immediate evaluation
and others requiring longer-term evaluation. Even when
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Table 2. Sensitivity Improvement Plus Ability to Specify Affected Neural Pathways by
Using Lincoln Laboratory Neurological Model–Based Features
STANDARD LINCOLN
LABORATORY
PHYSIOLOGICAL VOCAL
TRACT FEATURES

Correlation metric

0.88
Co

tiv
gni

e

NEUROLOGICAL MOTOR
COORDINATION FEATURES

ce
p ro

ssi

concussion does not occur, repeated exposure to head
impacts without concussion can cause neurocognitive
and neurophysiological impairments prior to concussion
(referred to as preclinical mTBI) [37].

ng

STANDARD PLUS
NEUROLOGICAL MOTOR
FEATURES

0.39

0.96

Cognitive
processing

VOCAL AND FACIAL CHARACTERIZATION AND
FEATURE SELECTION

With brain trauma, a wide range of lesion types, severities, and locations relate to different types and severities
of speech and cognitive impairments. Changes in brain
structure or connectivity may result in changes in source,
prosodic, or articulatory aspects of voice. These changes
include excessive delays in initializing a vocalization;
excessive (exaggerated) or reduced (flat) emotional
content; impaired function of muscles affecting the lips,
tongue, vocal folds, and/or diaphragm; and difficulty in
making and coordinating the precise movements of these
articulators [74]. In our work, we have examined the
articulatory components of speech reflected in formant
tracks and the ways that changes in track dynamics and
coordination map to cognitive decline. We also have
focused on the change in average phoneme duration
as one component of prosodic change caused by brain
injury from trauma. As with formant changes, change
in average phoneme duration may be associated with
decline in cognitive processes from the trauma. Figure 15
shows schematically a simplified view of the link of these
particular brain modules with cognitive processing that is
widely distributed throughout the brain.
Our methodology is again largely similar to that used
in predicting depression severity: we design high-level
features to characterize properties of timing and coordination from the low-level features. Our primary features
exploit changes in phoneme-dependent durations and
the high-level correlation structure of formant trajectories. To characterize formant dynamics as a second

Syllables,
phonemes
Prosodics
Articulator and
fold timing and
coordination
FIGURE 15. A simplified view of the representative brain
modules of the core speech production network and their links
to higher-level cognitive processing is illustrated.
This is a highly schematized illustration given that cognitive
processing is broadly distributed throughout the brain.

baseline feature, we extract nine formant functions over
20-millisecond segments at 10-millisecond frame intervals. These functions are the three raw formant tracks and
their high-pass and low-pass components. The common
3 dB cutoff frequency of the high- and low-pass filters
is 55 Hz. From each of the above functions, we compute
three dynamics functions: the raw function value, the
velocity, and the acceleration.
DATASETS FOR CASE STUDIES

We hypothesize that preclinical or concussionrelated damage results in changes in average vocal
tract dynamics measured by formant frequencies,
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their velocities, and acceleration; changes in articulatory coordination measured by our formant-frequency
cross-correlation characterization; and phonemedependent average durations. These features allow
machine learning algorithms to detect cognitive changes
identified by a battery of cognitive tests. We developed
distinct datasets for the two case studies.
1. Athlete study [55, 75]. The dataset for this study
involved a population of athletes regularly receiving
impacts to the head and showing signs of preclinical mTBI, a state indicated by impaired cognitive
performance occurring prior to concussion. Data
for this study were collected monthly in collaboration with Dr. Thomas Talavage at Purdue University
under a protocol approved by an institutional review
board. The study included pre-season, in-season,
and post-season data from 32 high school athletes,
of whom 25 were male football players and seven
were female soccer players. The athletes’ ages ranged
from 15 to 18, with all data collected independently
of any clinical diagnoses of concussions. For each
athlete, the data collection included scores from the
online Immediate Post-Concussion Assessment and
Cognitive Testing (ImPACT) assessment version 2.1,
which comprises a series of cognitive tests typically
used in the sports community [76], along with
speech recordings, eye tracking, auditory perception, and optic nerve sheath-diameter measurements
[75], all of which are part of a multimodal collection suite developed at Lincoln Laboratory. Although
we had obtained promising preliminary results
with ocular measures [75], we focused on the
speech modality in the athlete study [55]. Speech
features were extracted from audio recordings of the
Grandfather Passage, which provides a standardized and phonetically balanced sample of speech.
The ImPACT was used as a means of assessing
cognitive performance [76]. This test is made up
of six subtests that measure verbal memory, visual
memory, visual motor speed, reaction time, impulse
control, and a total symptom composite. For each
test, a threshold is set for a change in cognitive
performance. The threshold for each test is defined
as a decline from baseline that exceeds one standard
deviation, where the standard deviation is computed
over the change from baseline across all subjects’
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test scores. A support vector machine–based classifier, with cross validation, then uses our formant
features to predict a decline in cognitive performance.
Figure 16a shows average z-normalized eigenspectra
from formant channel-delay matrices associated
with cognitive decline (red) and normal function
(blue). We compared the effectiveness of vocal tract
dynamics features versus articulatory coordination
features. This evaluation was done via ROC curves
along with a variation of their area under the curve
(AUC), where a score of 1 represents a perfect test.
For the reaction-time component of ImPACT, the
articulatory dynamics features achieved AUC values
between 0.72 and 0.98, whereas the articulatory
coordination features achieved AUC values between
0.94 and 0.97. Figure 16b illustrates this comparison,
indicating the importance of coordination of articulatory components over their absolute counterparts.
Nevertheless, for some components of the ImPACT
test, e.g., visual motor and verbal memory, the two
formant-based features performed about the same.
In this study, we also investigated features
reflecting the change from baseline phoneme
duration. The features were combined on the basis of
their correlation with each of the cognitive modalities
and then incorporated into Gaussian classifiers to
predict cognitive decline. Classification performance
was then analyzed using ROC curves through detection versus false alarm. Using vocal phonetic timing
features for the four components of ImPACT that
were studied, we computed ROC curves that demonstrated high-fidelity prediction of cognitive change.
The highest AUCs achieved were 0.89, 0.80, 0.94,
and 0.90 for verbal memory, visual memory, visual
motor speed, and reaction time scores, respectively.
2. U.S. veterans study [77]. In this second study
conducted in collaboration with Dr. Kristin Heaton
at the U.S. Army Institute of Environmental
Medicine (USARIEM) and Dr. Alex Lin at Brigham
and Women’s Hospital, data were collected from 20
subjects. Of the 20 subjects, five had a documented
history of mild traumatic brain injury and 15 were
control subjects. Subjects were enrolled in a larger
study that used magnetic resonance spectroscopy to
characterize neurochemical biomarkers for mTBI.
Study participants completed a battery of cognitive
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tasks selected for sensitivity to changes in cognitive
performance associated with mTBI. High-quality
audio and video recordings were obtained while
participants completed a standardized protocol
consisting of read passages, spontaneous speech,
and repetition of sounds. Timing and coordination
features were extracted from the speech and face
data, and used along with select cognitive performance outcomes to construct statistical models for
estimating cognitive performance. Speech features
were based on articulatory coordination derived
from the acoustic signal (vocal-tract resonances),
while facial features were derived from the coordination of muscle groups (facial action units).
Gaussian staircase regression models were
trained on the 15 control subjects to estimate the
processing speed index (PSI) from the Wechsler Adult
Intelligence Scale (WAIS-IV), which is sensitive to
the cognitive consequences of mTBI. Models were
then used to estimate PSI scores from the five mTBI
cases not included in the training set. The strongest
results were seen in predicting PSI from speech and
facial features during the read passages. Pearson’s
correlation coefficient between the estimates and the
recorded PSI scores revealed r = 0.98 (p = 0.003, n = 5)
for the speech features and r = 0.92 (p = 0.025, n = 5)
for the facial features. Table 3 shows these results in
comparison with results for free speech.
These preliminary analyses demonstrate the
promise of cognitive assessment technologies based
on motor timing and coordination underlying vocal
and facial expression during speaking in the context
of mTBI.
In the veterans study, statistical models trained on
control subjects were transferable to mTBI subjects,
while the athletes study addressed accumulative injury
over time. Results also show the utility of different
modalities for cognitive evaluation following mTBI,
with both speech and facial features affording high
estimation accuracy in predicting different metrics of
cognitive decline. Further validation of these technologies is required on larger datasets and in operational
settings. Once validated and fully developed, these assessment technologies may provide a capability for objective,
noninvasive real-time assessment of individuals in daily
life and in military training and operational settings.
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FIGURE 16. The results from the high school athlete study are
shown for the reaction-time component of the ImPACT test [55].
Average z-normalized eigenspectra from formant coordination
channel-delay matrices associated with cognitive decline are in
red and normal function is in blue, showing a large separation
especially in certain mid- and high-rank eigenvalues (a). A
cognitive decline detection versus false-alarm (ROC) comparison
shown in (b) gives the effectiveness of vocal tract dynamics
features (blue) versus articulatory coordination features (red).

Cognitive Load
Cognitive load is often defined as the demand placed
on cognitive and mental resources required by a particular task [6, 7]. Some tasks place greater burden on
such resources and attributes than others. In particular,
highly complex tasks, or those involving long periods of
sustained activity or attention, and more monotonous
VOLUME 24, NUMBER 1, 2020 n LINCOLN LABORATORY JOURNAL
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tasks requiring sustained vigilance can tax available
cognitive resources and lead to fatigue. An individual’s ability to adapt to changing workloads and manage
fatigue caused by cognitive exertion can be influenced
by stress imposed both externally (e.g., environmental
extremes, physical exertion, or social interactions) and
internally (e.g., psychological/emotional state, nutritional
status, or changes in sleep patterns).
Applications for monitoring cognitive load, including
assessing cognitive load, have been developed for both
clinical and nonclinical settings. In clinical applications,
the objective is often to measure the specific causes
of load, while in nonclinical settings, an objective is to
quickly assess cognitive ability and readiness under
loaded conditions, regardless of their etiology.
Because speech and cognitive processes are highly
coupled in the brain (sharing common processes and
pathways, and perhaps modulating one another), we
might expect to be able to determine cognitive load levels
through changes in vocal and facial expression during
speaking. We might think of speaking as itself a task
that may occur simultaneously with some other specific
targeted cognitive task of different load level. Indeed,
there is evidence that in such scenarios, dual-task interference occurs under finite cognitive capacity across the
dual tasks, with the relevant underlying neural mechanism located in the brain’s lateral prefrontal cortex
[78]. The linkage may also be due to the coordination of
neuromotor activity in the brain and reliance on discrete
cognitive functions in the production of speech.

Cognitive Load Detection
Our research has shown that when vocal and facial
modalities are combined, they perform nearly as well as
a gold-standard EEG analysis in cognitive load detection,
thus providing a potential nondisruptive means to track
cognitive status.
VOCAL AND FACIAL CHARACTERIZATION

On designing a multimodal database protocol that
reflects typical cognitive load conditions, we employed
the hypothesis that speech and the corresponding facial
movements that occur while speaking are complex motor
activities requiring precise neural timing and coordination. We also hypothesized that manipulating cognitive
load level systematically alters this complex motor activity
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Table 3. Results of the U.S. Veterans Study:
Predicting Processing Speed Index [77]
FEATURE SETS

READ SPEECH
r (p)

FREE SPEECH
r (p)

Formants

0.98
(0.003)

0.45
(0.447)

Facial Action
Units

0.92
(0.025)

0.55
(0.332)

Predictions are for five mTBI subjects and from a model trained
on 15 control subjects.

in a measurable way [43, 47]. This neural activation is
reflected in EEG measurements, which are sometimes
considered a gold standard in viewing the effect of
working memory demand [11, 12, 79]. To explore those
hypotheses, we designed a dual-task protocol involving
auditory memory and speaking.
DUAL-TASK PROTOCOL

In one scenario, we introduced cognitive load of
different levels through an auditory working memory
task shown in Figure 17. Subjects gave informed consent
to our working memory–based protocol approved by the
MIT Committee on the Use of Humans as Experimental
Subjects. Audio data were collected with a DPA acoustic
lapel microphone (with a Roland Octa-Capture audio
interface), facial video with a Canon high-definition
video camera, and EEG signals with a 64-element
Neuroscan device.
The working memory task was split into a training
and a testing phase. During training, the maximum
number of digits that a subject could accurately recall
was estimated by using an adaptive tracking algorithm
[43, 47]. This number, nc, was used to determine
the three difficulty levels in the test phase, which
were typically set as: dn = {ceiling(nc), ceiling(nc)-1,
ceiling(nc)-2}, where ceiling corresponds to a minimum
high load of 4. Despite some minor protocol changes
among early subjects, this common load assessment
test was used for 10 of the 11 subjects analyzed. We later
defined a binary detection problem of discriminating
high load (maximum number) from low load (maximum
number minus two). The range of the number of digits
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Recite
“pa-ta-ka”
(10 s)

Recite
vowel “ahh”
(5 s)

Task training
(maximum
54 trials)

Perform cognitive
task, repeat 324
times (2 hr)

Recite
vowel “ahh”
(5 s)

Recite
“pa-ta-ka”
(10 s)

Cognitive load and vocal load
3 difficulties, 108 unique sentences
Hear digits
“4, 6, 7, 8”

Hear sentence
“The viewpoint
overlooked the ocean”

Pause
Measure
EEG

Repeat sentence
“The viewpoint
overlooked the ocean”

Repeat digits
“4, 6, 7, 8”

FIGURE 17. Illustrated here is a summary of the working memory protocol. The experiment consists of 324 trials. In each trial, a
subject listens to a sequence of digits followed by a sentence (green boxes). Following a pause, the subject repeats the sentence
and then the digits (red boxes). In different trials, the working memory load level is modified by varying the number of digits.
Electroencephalogram (EEG) is measured during the pause to avoid motion and muscle artifacts. Speech (from audio and facial
video) is measured when the sentence is repeated. The working memory load level is estimated based on the EEG and speech
signals. Prior to and after the two-hour cognitive task, we introduced reciting the diadochokinetic sequence “pa-ta-ka” and the
vowel “ahh,” allowing for analysis of speech samples pre- and post-fatigue that are standardly used in articulatory and vocal
source analysis.

recalled across all subjects was 2–5 for low load and 4–7
for high load.
Finally, with our protocol, we also measured
skin conductance, temperature, and pulse oxygenation level. Though not our focus, the study of these
measurements may pave the way to investigating other
multimodal biomarkers.
FEATURE SELECTION

Our features from three modalities (voice, face, EEG)
are based on the principles of timing and coordination
within components of each modality. In each case, we
extracted first baseline low-level features followed by
our high-level features as functions of the low-level
features. For voice, feature vectors were extracted only
from the single spoken sentence component of each
trial in the test phase of the auditory memory task.
Low-level vocal features comprise measures of phoneme
and pseudosyllable durations, pitch dynamics, spectral
(formant) dynamics, and vocal-fold irregularity (creak).
We constructed high-level features that capture timing
and interrelationships across the low-level features.
The feature sets were derived under the hypothesis that
differences in cognitive load produce detectable changes

in speech production timing and coordination within
and across articulatory and vocal-fold components. For
facial expression, analyzed during the same time interval
as audio, the extracted low-level features were facial
action units [22, 24, 27], followed by correlation-based
measures as high-level features. For the EEG, during the
pause interval to avoid motion and muscle artifacts, we
performed preprocessing to extract low-level EEG signals
free of many typical artifacts, followed by correlation and
frequency-dependent coherence and power measures.
To avoid motion and muscle artifacts, the EEG measurements were made during time intervals when the subject
was not speaking.
As was done in the research on neurological conditions, we averaged across different targeted class
conditions. Our high-level features showed strong load
discriminability with averages across all subjects of
normalized (z-scored) eigenvalues from formant, creak,
and delta-MFCC signals for low load and high load. In all
three cases, there was greater power in the medium-level
eigenvalues during higher cognitive load. This finding
indicates greater dynamical complexity in formant
frequencies, creak, and spectral content during higher
cognitive load and thus higher levels of independent
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vocal movements than in the low-load case. Although
this finding corresponds to more complex motor control
under high load, we hypothesize that the eigenvalue
distributions indicate greater independence associated
with more random or erratic movements under the high
load state—in contrast to our earlier observations for
MDD, Parkinson’s disease, and mTBI, in which we found
less independence of vocal movements. In our cognitive
load experiments, we found a similar level of discriminability based on class-conditioned averages of the EEG
high-level features, which are coherence eigenvalues of
spatial log-power values in the beta frequency band. Also,
high load is associated with lower levels of EEG power.
EXAMPLE DETECTION

Although our protocol involves feature processing of
single spoken sentences, the ability to detect load after
fusing evidence across multiple sentences can be assessed
by combining the Gaussian classifier scores from different
trials, provided that the trials involve the same load condition. This combining was done by randomly selecting,
from the same subject, a number of trials of either high
load or low load and summing their Gaussian classifier
scores. For each subject, load condition, and combination
number, 200 randomly chosen sets of trials were used
to determine the fused scores across multiple sentences.
Figure 18 summarizes the ROC results (detection
versus false alarm) for the modalities in various combinations. We observe that the EEG-based detector rapidly
converges to a limit that, after six minutes, slightly
outperforms the combined audio and video modalities
that converge to a limit more slowly. Each modality
alone (audio or video) converges to a limit that underperforms the combination of audio and video, with
audio outperforming video [43] (not shown). Observe
that combining all three modalities provides only a small
gain over the EEG.

Predicting Cognitive Fatigue
Individuals often report the subjective impression of
weakness or slowness in performing cognitive tasks,
particularly following periods of heavy cognitive
workload. This subjective feeling has been called cognitive fatigue and is closely associated with the objective
notion of cognitive capacity (alluded to earlier in the
context of dual tasks), which is the ability of an individual
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to perform cognitive work. When cognitive workload
exceeds an individual’s overall capacity, at a given point
in time, performance in managing the workload can be
expected to degrade. For individuals engaged in tasks
such as driving a car or piloting an airplane, reductions in
cognitive capacity may lead to accidents and injuries. The
ability to monitor changes in cognitive capacity over time
would have benefits for planning and decision making in
both civilian and military settings, and may inform interventions and performance-enhancement techniques.
A frequently used method for assessing cognitive
capacity in real time is the psychomotor vigilance task
(PVT), which is a test that measures reaction time and
attentiveness, developed primarily as an in-laboratory
assessment. Despite recent efforts to integrate PVT
into portable and/or wearable devices, the test itself is
still largely inappropriate for operational environments
because it requires the tested individuals to disengage
from their primary task and spend between two and
20 minutes participating in the PVT. Some success has
been achieved in developing nonobtrusive assessment
methods that are based on ocular behavior, such as the
percentage of eyelid closure (e.g., PERCLOS) and ocular
dynamics (e.g., SmoothEye). These methods hold promise
for monitoring cognitive capacity in field settings but
nonetheless require specialized equipment and/or specific
environmental conditions to function accurately.
VOICE CHARACTERIZATION AND FEATURE
SELECTION

In ongoing work with the U.S. Army and U.S. Air Force,
we have been investigating voice-based technologies for
real-time assessment of cognitive capacity. We are using
a variety of standard acoustic speech features in combination with the timing and coordination features developed
by Lincoln Laboratory. Voice-based assessments for
cognitive capacity are attractive because they can be made
nonobtrusive, can be implemented in hardware that uses
conventional microphones, and have the potential to be
adapted to standard-issue communications platforms
used in operational environments, such as airplane
cockpits. Early development and validation have been
taking place on data collected at Lincoln Laboratory. Data
collections with U.S. Army and U.S. Air Force partners are
ongoing and will substantially advance early results and
validation efforts.
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We conducted a preliminary proof of concept of the
biomarkers pipeline in the domain of cognitive fatigue
by applying it to data collected at Lincoln Laboratory.
We chose the longitudinal estimation of typical, daily
fluctuations of fatigue for a single individual. This single
subject was recorded reading the Caterpillar passage [80]
three times each day (at approximately 9 a.m., 12 p.m.,
and 4 p.m.) for five consecutive days (Monday through
Friday of a normal work week). At these times, the subject
also performed a 10-minute PVT session to assess level of
fatigue. Mean reaction time was used to quantify the level
of fatigue. A suite of the Laboratory’s low- and high-level
features were extracted from the speech audio and used
as a basis for quantifying fatigue levels. Principal components analysis was performed on the audio features to
achieve dimensionality reduction, keeping the first five
most prominent components. A linear model was trained
with a leave-one-session-out cross validation to predict
mean reaction time from the audio features. Results in
Figure 19 show a strong correlation (r2 = 0.64, p < 0.01)
between actual and estimated reaction time, with a
root-mean-square error (RMSE) of 9.6 milliseconds,
or approximately 15.5 percent of the observed range
of mean reaction times in the dataset. These results,
though preliminary, demonstrate the promise of vocal
biomarkers for cognitive fatigue assessment and, more
generally, for cognitive status monitoring. The ability to
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FIGURE 18. The fused probability of detection versus false
alarm for the modalities of EEG (a), audio and video (b), and
EEG, audio, and video (c) is compared. Each panel gives
ROCs as a function of increasing number of trials from 1 to 60,
corresponding to 6 seconds to 360 seconds (6 minutes) for low
and high cognitive loads.

predict objective measures of fatigue with an estimation
error of approximately 16 percent may be relevant and
actionable for individuals on sleep-restricted schedules
during which fatigue levels have been shown to vary by
35 percent or more [81]. Preliminary results on larger
datasets have revealed improved performance compared
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Other Modalities
Lincoln Laboratory is also expanding to other behavioral measures, including fine motor (e.g., eye tracking
and hand dexterity) and gross motor movements (e.g.,
static and dynamic balance), physiological measures
(e.g., heart rate and skin conductance and temperature),
and brain-computer interfaces (e.g., EEG measures),
along with corresponding neurobiophysical models, for
detecting, phenotyping, and monitoring brain trauma
and disease. For example, eye tracking is included in
our high school athlete data collection for preclinical
mTBI in our collaboration with Purdue University and
also in a cognitive load data collection in collaboration
with the Combat Capabilities Development Command
Soldier Center (CCDC Soldier Center), formerly the
U.S. Army Natick Soldier Research, Development, and
Engineering Center. In each case, eye-tracking features
have contributed significantly to the prediction of
cognitive decline [75] and cognitive load level [83],
respectively. Physiological measures also play a role in
our past and ongoing investigations of depression (as
part of our multimodal study with the Wyss Institute
at Harvard Medical School) and of cognitive overload
and fatigue (as part of our multimodal studies with
USARIEM and CCDC Soldier Center). In addition to
using EEG analysis in cognitive load level prediction,
we are using it to obtain insights into the importance of
active brain regions during visual and auditory memory
tasks [83]. Finally, in this same context of cognitive load
prediction, we are investigating the effect of movement
in cognition. One example involves recording speech,
EEG (64-channel Neuroscan system), and full-body
motion capture (17-accelerometer Xsens System) from
10 subjects in both standing and walking conditions
while they are engaged in an auditory working memory
task. Here, we are exploring the effect of cognitive load
on timing and coordination features within and across
the three modalities, their interrelationships, and the
consequence of multitasking [84].
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to this modest-sized proof of concept. Our expanded
effort in this area is also investigating the independent
and joint effects of cognitive load and fatigue conditions
in voice features, showing the changing discriminatory
ability of cognitive load under different cognitive fatigue
conditions [82].
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FIGURE 19. Preliminary results of using speech-based
biomarkers for predicting reaction time are plotted. Reaction
time, as measured with the psychomotor vigilance task,
is sometimes taken as a gold standard for assessment of
alertness and cognitive fatigue. A linear model was trained with
a leave-one-session-out cross validation to predict reaction
time from speech features, using data collected at Lincoln
Laboratory of a single subject assessed three times daily for
one work week.

Providing sensitive detection simultaneously with
specific phenotyping is an inherent challenge facing the
assessment of many different neurological conditions.
An especially prevalent example of these challenges can
be seen in the domain of mTBI, where a wide variety
of sensorimotor (e.g., vestibular deficits) and cognitive
(e.g., attention deficits) impairments lead to subtle and
heterogeneous signs and symptoms. Clinical assessments
in this domain tend to be subjective and insensitive, and
neural imaging is expected to be negative. Moreover,
diagnosis is typically focused on classifying the injury
into broad categories: mild, moderate, or severe. There
is a pressing need for technologies that can provide
individualized physiological phenotypes in order to facilitate diagnostic specificity, which is often complicated by
the co-occurrence of conditions with similar symptom
profiles (e.g., PTSD and depression), as well as to tailor
treatment approaches to individual needs and more
accurately monitor risk and post-injury recovery.
In one program, Lincoln Laboratory staff—in collaboration with clinical and domain experts from Spaulding
Rehabilitation Hospital, Massachusetts General
Hospital, and Harvard Medical School—are developing
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FIGURE 20. Neurocomputational model–
based approaches to phenotyping mTBI
are being developed in the virtual reality
environment at the Laboratory’s Sensorimotor
Technology Realization in Immersive Virtual
Environments (STRIVE) Center (a). Behavioral
and physiological responses to sensorimotor
provocative tests are measured, driving
neurocomputational models of motor control
in normal and impaired individuals. This
testing can facilitate system identification
of impairment in neurological control
mechanisms involving vestibular, visual, and
proprioceptive sensory feedback (b).
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methods for individualized phenotyping of mTBI-related
impairments through the analysis of balance and gait.
Balance and gait show frequent impairment in mTBI
from a variety of causes (e.g., vestibular, visual-motor,
and/or proprioceptive sensory feedback impairment)
and therefore hold promise for enabling phenotyping.
Two parallel approaches are underway (see Figure 20).

The first is the development of sensorimotor provocative tests, conducted on a flexible treadmill platform
in the virtual reality environment at the Laboratory’s
Sensorimotor Technology Realization in Immersive
Virtual Environments (STRIVE) Center. These tests are
designed to bring out latent impairments not observable in activities of daily living. The second approach
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is the development of neurocomputational models of
motor control in normal and impaired individuals to
facilitate system identification of neurological control
mechanisms. These approaches are synergistic, with data
from STRIVE Center experiments used to refine control
models and models used to inform the design of sensorimotor provocative tests.

Long-Term Vision
In the Laboratory’s Human Health and Performance
Systems Group, we have previous or ongoing projects
in detecting and tracking amyotrophic lateral sclerosis
(ALS) [84], dementia [86], and autism spectrum
disorder [87]. A common theme to detecting and
tracking these conditions is the discovery of behavioralbased biomarkers that reflect a change or decline in brain
functioning as manifested in motor control, and more
specifically changes in timing and coordination within
and across components of behaviors. It is hypothesized
that these relations are associated with neural coordination across different parts of the brain that are essential
in motor control.
As a final application, we mention our introduction into an area of immediate urgency: detecting and
tracking COVID-19 (the novel coronavirus) through
asymptomatic and symptomatic stages. Given the physiologically based insult to breathing functions [88] and
the growing evidence of neurological deficits present in
COVID-19 [89, 90], we hypothesize that biomarkers
derived from measures of vocal-subsystem coordination
that includes both lower and upper respiratory systems
may provide a sensitive indicator of COVID-19, most
importantly in its asymptomatic stages. Preliminary
results with audio interviews of two subjects reveal
strong effect sizes in distinguishing pre-COVID-19
(pre-exposure) from post-COVID-19 (after positive
diagnosis but still asymptomatic) by using intensity
of breathing (respiration during speech), coordination of respiration and pitch (fundamental frequency),
and coordination of pitch and articulatory motion.
Morphology of eigenvalue Cohen’s d effect sizes indicates
a constricted breathing and reduced complexity of
coordinated subsystem movement. Although preliminary results are promising, we clearly need to validate
these results and address confounding influences with
larger, more controlled datasets.
54

LINCOLN LABORATORY JOURNAL n VOLUME 24, NUMBER 1, 2020

With our timing and coordination-based features,
we have achieved effective detection across a variety of
application areas. Nevertheless, to more strongly validate
performance in all areas, we need to move from the lab
and clinic to the field. To provide access to larger populations, we are currently translating our data collections and
detection algorithms to apps using mobile technology,
e.g., smartphones and tablets. In the area of depression,
we are working with the commercial entity Sonde Health;
in traumatic brain injury, we are collaborating with the
U.S. Army Medical Materiel Development Activity
(USAMMDA) to develop a mobile device approved by
the U.S. Food and Drug Administration; and in cognitive
load and fatigue, we are collaborating with USARIEM
toward a predictive algorithm for assessment within a
technology transfer agreement. Toward our goal of early
warning and tracking of COVID-19, it will be essential to address potential confounders, such as different
recording environments and channels, unbalanced data
quantities, and changes in underlying vocal status from
pre-COVID-19 exposure to post-COVID-19 diagnosis.
Finally, it will be essential to understand the specificity
of our proposed biomarkers; for example, these proposed
biomarkers must be able to differentiate COVID-19 from
the typical flu and flu-like conditions resulting in various
forms of inflammation.
A growing path in our biomarker research and
development involves pairing our behavioral approaches
with neurocomputational biophysical modeling and
with clinical observation. This trifold strategic approach
fuses empirical measurements, phenomenological
(data-driven) models, and mechanistic models.
Our long-term vision is to move away from predictions based on group analysis and to use the trifold
fusion to improve assessments of mechanisms underlying
individual impairments, leading to personalized design
of patient care monitoring and intervention systems.
Our ultimate objective is to develop patient-specific
neurocomputational models of human behavior that
integrate sensorimotor impairments for early warning
and improved specificity and phenotyping.
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