142 IEEE TRANSACTIONS ON AFFECTIVE COMPUTING, VOL. 4, NO.2, APRIL-JUNE 2013

Detecting Depression Severity
from Vocal Prosody

Ying Yang, Catherine Fairbairn, and Jeffrey F. Cohn, Associate Member, IEEE

Abstract—To investigate the relation between vocal prosody and change in depression severity over time, 57 participants from a
clinical trial for treatment of depression were evaluated at seven-week intervals using a semistructured clinical interview for depression
severity (Hamilton Rating Scale for Depression (HRSD)). All participants met criteria for major depressive disorder (MDD) at week one.
Using both perceptual judgments by naive listeners and quantitative analyses of vocal timing and fundamental frequency, three
hypotheses were tested: 1) Naive listeners can perceive the severity of depression from vocal recordings of depressed participants
and interviewers. 2) Quantitative features of vocal prosody in depressed participants reveal change in symptom severity over the
course of depression. 3) Interpersonal effects occur as well; such that vocal prosody in interviewers shows corresponding effects.
These hypotheses were strongly supported. Together, participants’ and interviewers’ vocal prosody accounted for about 60 percent of
variation in depression scores, and detected ordinal range of depression severity (low, mild, and moderate-to-severe) in 69 percent of
cases (kappa = 0.53). These findings suggest that analysis of vocal prosody could be a powerful tool to assist in depression screening
and monitoring over the course of depressive disorder and recovery.

Index Terms—Prosody, switching pause, vocal fundamental frequency, depression, interpersonal influence, hierarchical linear

modeling (HLM)

1 INTRODUCTION

IAGNOsIS and assessment of symptom severity in mental
health are almost entirely informed by what patients,
their families, or caregivers report. Standardized procedures
for incorporating nonverbal behavior and vocal prosody, in
particular, are lacking. Their absence is especially salient for
depression, a mood disorder for which disruption in
emotion experience, communication, and self-regulation
are key features [3], [12], [14], [17]. Within the past decade,
significant progress has been made in linking vocal prosody
to emotion [22], [28], [44], [47], turn-taking, reciprocity [15],
[41], and a broad range of interpersonal outcomes [26], [38].
There is strong reason to believe that automatic analysis of
vocal prosody could provide a powerful tool to assist in
detection and assessment of depression over the course of
treatment and recovery. Improved measurement and
understanding of the relation between depression and vocal
prosody could aid early detection and lead to improved
interventions. Because depression is one of the most
prevalent mental health disorders [30] and a leading cause
of disability worldwide [36], the potential contribution of
improved measurement is great.
Vocal prosody is a composite of suprasegmental acoustic
features of speech (i.e., beyond the lexical, syntactic, and
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semantic content of the signal). Primary features are
fundamental frequency (Fy), which is perceived as pitch;
intensity, which is perceived as loudness; timing, which is
perceived as speech rate, rhythm, and patterning in normal
conversation. Secondary features include jitter and shimmer
(cycle-to-cycle variation in frequency and intensity), energy
distribution among formants, and cepstral features. Many
of these features have been explored with respect to
emotion expression [22], [28], [43], [44] and to a lesser
extent depression, as noted below. In our research, we focus
on timing and Fj, which have been emphasized in the
psychology of emotion and nonverbal behavior.

Unlike most studies that have compared depressed and
nondepressed participants with respect to intrapersonal
behavior (e.g., timing of pauses within a speaking turn) at a
single point in time, we focus on both intra and inter
personal behavior within a clinical sample over the course
of depression. We investigate whether vocal prosody varies
with severity of depression and identify interpersonal
effects of depression (e.g., longer and more variable turn-
taking when depression is most severe). We use perceptual
judgment studies to investigate whether people can
perceive vocal prosody of depression, and quantitative
methods to investigate the extent to which features of vocal
prosody can reveal change in symptom severity over the
course of depressive disorder.

From a psychopathology perspective, one would expect
depression to be associated with decreased intensity,
irregular timing, and decreased F{ variability. These
features are conceptually related to what is referred to as
psychomotor retardation, or slowing, insensitivity to
positive and negative stimuli, and the attenuated interest
in other people that are common in depression.

Two sets of findings are consistent with the hypothesis
that prosody reveals depression. One is cross-sectional
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comparison between persons with and without depression.
These studies suggest that vocal prosody strongly covaries
with depressive symptoms. If further validated, such
studies could support the utility of using vocal prosody to
screen for evidence of depression [39]. The other, and more
challenging, is longitudinal studies of change in depression
over the course of a depressive episode. If successful, this
line of research could have significant impact on treatment
planning and evaluation of treatment efficacy.

A related issue is the influence of depression on other
persons. Because depression occurs in social contexts, it is
likely to have reciprocal effects on interlocutors. Two early
studies found that depressed mothers are slower and more
variable in their responses to their infants [4], [48], which
may lead to changes in how their infants in turn respond to
them. In an analog study, Boker et al. [6], [7] found that
young adults became more expressive in response to
dampened facial and vocal expression of peers in a
computer-mediated interaction. In actual depression, inter-
personal effects could differ. While the initial reaction to
depressed individuals may be attempts to elicit respon-
siveness, the experience may soon become aversive and
prompt efforts to withdraw [13]. We will include evidence
for interpersonal influence in our review of the two types
of studies.

1.1 Cross-Sectional Studies

Cross-sectional studies compare individuals with and
without depression at a single point in time. At least
seven cross-sectional studies [4], [11], [21], [33], [37], [46],
[48] have compared prosodic features in relation to
presence of depression, as assessed using diagnostic
interviews or less specific symptom rating scales." While
these studies vary with respect to which prosodic features
they consider, overall they find that prosodic features
discriminate between individuals with and without de-
pression. Adults with depression in comparison with
nondepressed persons have slower, less consistent timing,
lower intensity, and less variable F. With the exception of
[11], all involved comparisons of individuals with and
without depression at a single point in the disorder.
Cannizzaro et al. [11] found that change in severity of
depression covaried with vocal prosody. Possible inter-
personal influence has been neglected.

1.2 Longitudinal Studies

The cross-sectional findings suggest that prosody may be a
useful marker of depression. However, the question
remains whether the discriminability of prosodic patterns
that have been found are specific to depression or are
common to the types of people most likely to become
depressed. Depression is strongly related to individual
differences in neuroticism, introversion, and conscientious-
ness [31]. These personality characteristics remain relatively
stable across the lifespan. Differences in vocal prosody
between those with and without depression could be
revealing of personality differences rather than time-limited

1. Symptoms of depression may result from other disorders, diseases, or
causes. In part for this reason, self-report measures of depression may
correlate only moderately with diagnosis as determined by clinical
interview [10]. For diagnosis, it is necessary to rule out other factors [3].
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variation in depression. Thus, personality rather than
depression per se may account for much or all of the
between-group differences in vocal prosody that have been
reported previously [42].

To investigate whether vocal prosody varies as indivi-
duals recover from depression, longitudinal studies are
needed that assess change in depression severity over the
course of depressive disorder. The few that exist [1], [16],
[32], [34] suggest that vocal timing and F;, may be
responsive to recovery from depression. Kuny and Stassen
[32] and Alpert et al. [1] found that intrapersonal pause
duration and speaking rate are closely related to change in
depression severity over time. With one exception [34],
however, relevant studies have been limited to inpatient
samples that are more severely depressed than those found
in the community. They also tend to use structured
speaking tasks, which leave open the question of whether
vocal prosody in depression impacts interlocutors and turn-
taking, which is known to influence rapport [27]. We asked
whether vocal prosody in clinical interviews varies with
change in depression severity and the extent to which it
influences the vocal prosody of interviewers, who are not
themselves depressed.

1.3 Hypotheses and Study Design

To investigate the relation between change in depression
severity and vocal prosody, we recruited participants and
interviewers from a clinical trial for treatment of depres-
sion. Participants and interviewers were observed from
recordings of clinical interviews at seven-week intervals
over the course of treatment. Using convergent measures
(perceptual judgments and quantitative measures of vocal
timing and F;), we tested three hypotheses.

One, naive listeners will perceive differences in vocal
prosody related to depression severity. This hypothesis
evaluates whether vocal prosody in depression is percei-
vable, and thus potentially could influence the vocal
prosody of nondepressed people with whom depressed
persons communicate. Two, for a given participant, specific
features of vocal prosody will co-vary with the change in
depression severity. When depression is moderate to severe,
Fy will be lower and less variable and switching pauses
(SPs) longer and less predictable than when depression is
remitted (i.e., no longer clinically significant). SP is the time
between one speaker’s “turn” and that of the other. Three,
interpersonal effects will be found in the vocal prosody of
interviewers. We investigate whether vocal timing and Fj
variability in depressed participants could be contagious.

The first question was investigated in Study 1. Naive
listeners rated the severity of depression from brief
segments of low-pass filtered audio recordings of symptom
interviews. Filtering rendered speech unintelligible while
preserving prosody. In this way, verbal content did not
confound ratings of depression. In Study 2, the role of
specific prosodic features was investigated in the full data
set using quantitative methods.

2 METHODS

The primary data were audio recordings of clinical inter-
views. As noted above, the audio recordings were analyzed
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two ways. Study 1 was a perceptual study in which naive
listeners rated the severity of depression in low-pass
filtered recordings of the interviews. The goal of Study 1
was to determine whether listeners could detect differences
in severity from the vocal exchanges of depressed
participants and clinical interviewers. Because the capa-
cities of human listeners are limited relative to machine
processing, Study 1 used only the first three questions of
the interview and a subset of the recordings for which
depression score was either low (HRSD score of seven or
less) or moderate to severe (HRSD score of 15 or higher).
Extreme groups were chosen to maximize variance. Audio
from 26 interviews was used. The independent variable
was ratings; the dependent variable was two ranges of
depression score (HRSD).

Study 2 investigated how prosodic features of the
depressed participants and their clinical interviewers may
reveal depression severity. Study 2 used the full length of
all audio recordings and the full range of depression scores
(integer values ranging from 0 to 35). The independent
variables were prosodic features (e.g., SP mean); the
dependent variable was depression score. Thus, the two
studies differed in the number and length of audio
recordings, types of independent variables, and representa-
tion of depression score.

In this section, we describe the depressed participants,
the observational and clinical procedures with which
severity was ascertained, and procedures specific to Study 1
(perceptual ratings) and Study 2 (specific prosodic features).
We refer to participants (or listeners) in the ratings study as
“raters;” depressed participants in the clinical interviews as
“participants;” and clinical interviewers, who also effec-
tively were participants, as “interviewers.”

2.1 Participants

Fifty-seven depressed participants (34 women, 23 men) were
recruited from a clinical trial for treatment of depression.
They ranged in age from 19 to 65 years (mean = 39.65) and
were Euro- or African-American (46 and 11, respectively).
At the time of study intake, all met DSM-1V [3] criteria [18]
for major depressive disorder (MDD). MDD is a recurrent
disorder, and the participants all had had prior episodes
(Range = 1-8, mean = 3.15). Although not a focus of this
report, participants were randomized to either antidepres-
sant treatment with a selective serotonin reuptake inhibitor
(SSRI) or Interpersonal Psychotherapy (IPT). Both treat-
ments are empirically validated for treatment of depression
[25]. Of the 57 participants, data from 7 could not be
included because it was either missing or invalid at the
initial (week 1) visit. In two cases, the week 1 visit did not
take place; in three others, audio was not recorded; and in
two, participants were chewing gum, which would have
been a potential confound.

2.2 Interview and Observational Procedures

Symptom severity was evaluated on up to four occasions at
1, 7, 13, and 21 weeks by clinical interviewers (11, all
female). Interviewers were not assigned to specific partici-
pants, and they varied in the number of interviews they
conducted. Five interviewers were responsible for the bulk

of the interviews. The median number of interviews per
interviewer was 17; five conducted six or fewer.

Interviews were conducted using the Hamilton Rating
Scale for Depression (HRSD) [23], which is a criterion
measure for assessing severity of depression. Interviewers
all were expert in the HRSD and reliability was maintained
above 0.90. HRSD scores of 15 or higher are generally
considered to indicate moderate to severe depression; and
scores of seven or lower to indicate a return to normal [20].

Interviews were recorded using four hardware-synchro-
nized analogue cameras and two unidirectional micro-
phones. Two cameras were positioned approximately
15 degrees to the participant’s left and right to record their
shoulders and face. A third camera recorded a full-body
view while a fourth recorded the interviewer’s shoulders
and face from approximately 15 degrees to their right.
Audio was digitized at 48,000 Hz. Findings from the video
data will be subject of another report.

Missing data occurred due to missed appointments,
attrition, or technical problems. Two participants were
transferred to another protocol when they showed evidence
of suicidal intent. Technical problems included failure to
record audio or video, audio or video artifacts, and
insufficient amount of data. To be included for analysis,
we required a minimum of 20 speaker turns and 100 seconds
of vocalization. Thus, the final sample was 130 sessions
from 49 participants.

2.3 Signal Processing

Because audio was recorded in a clinical office setting rather
than an anechoic chamber or other laboratory setting, some
acoustic noise was unavoidable. To attenuate noise as well
as to equalize intensity and remove any overlap between
channels (i.e., a speaker’s voice occurring on both channels),
Adobe Audition II [38] was used to reduce noise level and
equalize intensity. An intermediate level of 40 percent noise
reduction was used to achieve the desired signal-to-noise
ratio without distorting the original signal.

To remove overlap between channels and precisely
measure timing, a supervised learning approach was used.
Each pair of recordings was transcribed manually using
Transcriber software [8] and then force-aligned using CMU
Sphinx III [45] postprocessed using Praat [5]. Because
session recordings exceeded the memory limits of Sphinx,
it was necessary to segment recordings prior to forced
alignment. While several approaches to segmentation were
possible, we segmented recordings at transcription bound-
aries; that is, whenever a change in speaker occurred.
Except for occasional overlapping speech, this approach
resulted in speaker-specific segments. This approach may
have increased the accuracy of forced alignment because
cepstral features extracted each time were based on only a
single utterance.

Forced alignment produced a matrix of four columns:
speaker (which encoded both individual and simultaneous
speech), start time, stop time, and utterance. To assess the
reliability of the forced alignment, audio files from 30 ses-
sions were manually aligned and compared with the
segmentation yielded by Sphinx. Mean error (s) for onset
and offset, respectively, were 0.097 and 0.010 for partici-
pants and 0.053 and 0.011 for interviewers.
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2.4 Study 1: Perceptual Ratings

To maximize experimental variance [29], interviews were
selected from sessions having HRSD scores of 7 or less
(absence of depression) or 15 or higher (moderate to severe).
Interviews were randomly sampled with the constraint that
no more than one session could be included from any
participant. Fifteen sessions had HRSD scores of 7 or less; 11
had scores of 15 to 25. The former were from week 7 or 13,
and the latter from week 1.

Audio samples were limited to the first three questions
of the HRSD, thus providing relatively “thin slices” of
behavior [2]. To eliminate recognizable speech, the record-
ings were low-pass filtered using an 850-Hz threshold. A
higher threshold of 1,000 Hz was considered initially, but
some intelligible speech remained. The 850-Hz threshold
proved sufficient. To convey the back and forth of the
interview, audio from the interviewer and the participants
was digitally separated using CMU Sphinx [45] and Praat
[5] and played over separate speakers positioned approxi-
mately 8 feet apart. All audio was played at uniform
intensity. Order of presentation was random.

The raters were eight young adults. Six were women,
and two were men. Seven were Euro-American and one
was Hispanic. All were blind to depression status. They
were told that they would listen to a series of audio clips
extracted from interviews; that the audio clips had been
low-pass filtered so that the speakers’ speech would be
unintelligible; and that the interviewer and interviewee
voices would be heard through separate audio speakers; the
interviewer to their left and the interviewee to their right.

Using a Likert scale, they were asked to rate the severity
of interviewee depression from 0 (none) to 6 (most severe).
To minimize error and maximize effective reliability [42],
ratings were averaged across raters. The intraclass correla-
tion for the depression ratings was r=0.94, p < 0.001,
which indicates high-internal consistency. The participants
also rated the extent to which the conversation seemed
awkward and the extent to which the conversation seemed
comfortable using similar Likert scales. Because all of the
ratings were highly correlated (all > 0.85), only the
depression ratings were analyzed to avoid redundancy.

2.5 Study 2: Prosodic Features

2.5.1 SP Duration

SP, or latency to speak, was defined as the pause duration
between the end of one speaker’s utterance and the start of
an utterance by the other. SPs were identified from the
matrix output of Sphinx. So that back channel utterances
would not confound SPs, overlapping voiced frames were
excluded. SPs were aggregated to yield mean duration and
coefficient of variation (CV) for both participants and
interviewers. The CV (o/p) is the ratio of standard deviation
to the mean. It reflects the variability of SPs when the effect
of mean differences in duration is removed.

2.5.2 Vocal Fundamental Frequency (F;)

For each utterance, vocal fundamental frequency (F;) was
computed automatically using the autocorrelation function
in Praat [5] using a window shift of 10 ms. As with SP, we
computed mean and CV of F; for both participants and
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Weeks

Fig. 1. Change in depression severity (HRSD score) from interviews 1-4
at weeks 1, 7, 12, and 21, respectively. Scores of 15 or higher are
considered moderate to severe depression. Scores of 7 or lower indicate
absence of clinically significant symptoms. Breaks in the individual
trajectories indicate missing observations.

interviewers. Because microphones had not been calibrated
for intensity, intensity measures were not considered. Thus,
we analyzed prosodic features from two of the three
domains of prosody (timing and frequency) for both
participants and interviewers.

3 ReEesuLTS

We first present descriptive data with respect to change in
depression severity over time. We then present results from
Study 1 (perceptual judgments) and Study 2 (specific
prosodic features), respectively. Due to the nature of the
sampling procedures employed in Study 1 (See Methods
above) the depression measure in Study 1 was dichotomous
(i.e., low and moderate to severe). We, therefore, treated
HRSD as a binary outcome variable in this study, using
regression procedures that account for the nonnormal
distribution. In contrast, Study 2 sampled the full range
of HRSD scores (mean = 12.73, standard deviation = 7.22,
range = 0 to 35). Therefore, analytic procedures assuming a
normally distributed outcome were employed. In follow-up
analyses in Study 2, discriminant analysis was used to detect
range of depression severity.

3.1 Course of Depression

Over the course of the study, depression severity decreased
for most participants. At week 7, about 20 percent remained
above clinical threshold for moderate to severe depression,
which is an HRSD score of 15 or higher. By week 21, only
10 percent were still above this threshold. Symptoms
remitted (HRSD < 7) in 55 percent. In a few cases, severity
increased after initially decreasing. Individual trajectories of
depression symptoms are shown in Fig. 1.

3.2 Study 1: Perceptual Ratings of Depression

To evaluate the association between perceptual ratings and
depression severity, we used logistic regression. Regression
of severity group onto perceived depression predicted
73 percent of cases (Wald =4.683, p = 0.03). The corre-
sponding kappa coefficient, which corrects for agreement
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TABLE 1
Predicting Depression Severity from Perceptual Judgments
HRSD
Predicted Low  Moderate to Severe
Low 12 4
Moderate to Severe 3 7

Wald=4.683, df; 24, p=0.03

due to chance [19], was 0.44, which suggests moderate
predictability. Discriminability was higher for low severity
than for moderate to severe (Table 1).

3.3 Study 2: Prosodic Features

In the full longitudinal data set, recordings from 49 partici-
pants on multiple occasions (as many as four times over 21
weeks) were used, producing two distinct comparisons:
between-subject cross-sectional comparisons and within-
subject longitudinal comparisons. Between-subject compar-
isons evaluate average differences between participants
when their severity scores are averaged across time. For
instance, do participants with higher or lower averaged
severity scores differ on the vocal response measures?
Within-subject comparisons evaluate the variability over
time of each participant’s scores on the vocal response
measures. For instance, is change in severity within
participants revealed by corresponding changes in vocal
response measures? The latter is a key question. It informs
whether we can know whether an individual’s depression
severity has changed by attending to their vocal behavior.

These two sources of variation (between- and within-
subject comparisons) in depression severity were accounted
for and partialled using hierarchical linear modeling (HLM)
[9], [40]. HLM can be considered an extension of multiple
regression that enables separation of between- and within-
subject effects while remaining robust to missing observa-
tions, which are common in longitudinal behavioral
research. Support vector regression would not enable
inclusion of within-subject effects.

In the HLM model building procedure, both interviewer
and participant scores were entered as predictors. By
entering both in the model, we were able to isolate the
predictive effects of each individual’s prosody while
controlling for the prosody of the other. Between-subject
factors were entered at level two, and within-subject factors
were entered at level one. Averaged variables for each
subject were entered at level two to isolate between-subject
variation. Group mean centering of variables at level one
was applied to isolate within-subject variation. Separate
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TABLE 2
Descriptive Statistics

Participant Interviewer

Mean SD Mean SD
HRSD (Depression Score) 12.73 7.22 _ ——
Switching Pause (s) 0.69 0.26 0.68 0.26
Switching Pause CV (s) 1.01 0.24 1.07 0.31
Fy (Hz) 19835 3540 21343 2223
Fo CV (Hz) 0.23 0.09 0.20 0.07

Note. SD = standard deviation, CV = coefficient of variation
(SD/mean).

models were used for SP and Fj. Because sex was unrelated
to depression severity, it was omitted from the models.
Table 2 reports descriptive statistics averaged across inter-
views for each of the measures.

3.3.1 Switching Pause

No between-subject differences were found in SP mean or
CV for either participants or interviewers.

In contrast, within-subject effects for participant SP mean
and variability (CV) and interviewer variability were highly
significant. As depression severity decreased, participant
SPs became shorter and less variable and interviewer SPs
became less variable as well. (Table 3). To estimate the
combined effect size of SP mean and variance, coefficients
reaching significance were entered as predictors in the same
model. Together, these variables accounted for 32.04 percent
of the variation over time in a subject’s depression score. In
behavioral science, the variance accounted for is a criterion
for how well a model performs.

3.3.2 Vocal Fundamental Frequency

For interviewers but not participants, both between- and
within-subject effects were found for Fy mean and CV
(Table 4). Interviewers used lower and more variable Fj
when speaking with participants who were more depressed
than they did when speaking with participants who were
less depressed. Within-subject differences in interviewer Fj
mirrored these between-subject differences. Together, sig-
nificant predictors relating to fundamental frequency
accounted for 27.51 percent of the variation between
subjects in depression score and 6.30 percent of the
variation over time in a subject’s depression score.

3.3.3 Detecting Depression Severity from Prosodic
Features

To further evaluate the predictive value of prosodic features
to detect severity, all of the significant parameters identified

TABLE 3
HLM Statistics for Prediction of Depression Severity (HRSD) from SP

Switching Pause Mean

Switching Pause CV

Effect Value s.e. t df D Value s.e. t df D
Between-subjects
Participant 0.006 0.027 021 46 NS. 6607 4356 153 46 NS.
Interviewer -0.071 0.042 -146 46 N.S. -1.834 4180 -0440 46 NS
Within-subjects
Participant 0.086 0.027 315 77 0002 8823 3297 269 77 0.009
Interviewer 0.050 0.041 121 77 NS. 7489 2281 328 77 0.002

Note: s.e. = standard error, ¢ = t-ratio, df = degrees of freedom, p = probability
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TABLE 4
HLM Statistics for Prediction of Depression Severity (HRSD) from Fj
Fy mean Iy CV

Effect Value s.e. t df D Value s.e. t df P
Between-subjects

Participant -0.024 0.026 -093 46 NS. 3.208  10.064 0319 46 NS.
Interviewer -0.108 0.044 -243 46 0.019 24742 10613 2331 46 .024
Within-subjects

Participant 0.006 0.039 015 78 N.S. -15388 13526 -1.138 78 NS.
Interviewer -0.061 0300 -2.04 78 0.045 20.642 8672 2380 78 0.020

Note: s.e. = standard error, ¢ = t-ratio, df = degrees of freedom, p = probability

in the previous section were entered together into a single
HLM. These consisted of five within-subject parameters,
participant and interviewer SP CV, participant SP mean, and
interviewer F, mean and CV, and two between-subjects
parameters, interviewer F; mean and CV. The resulting
model accounted for 64 percent of the variation in depres-
sion scores. Sixty-six percent of estimated depression scores
were within 4.44 points (1 SD) of the actual score; 87 percent
were within 6.66 points (1.5 SD) of the actual score.

For many purposes, only an estimate of severity range is
desired. To evaluate such molar predictability, actual scores
were divided into three ordinal ranges: low (0 to 7), mild (8
to 14), and moderate-to-severe (15 and above). Using linear
discriminant analysis, estimated scores were used to detect
these three levels of depressive symptoms. The resulting
discriminant function was highly significant (Wilks” lamb-
da, =0.476, p = .001). Sixty-nine percent of cases were
correctly estimated. Kappa, a measure of agreement which
adjusts for chance, was 0.526, which represents moderate
agreement. (Table 5). Because the computational model was
intended to detect severity in participants seen previously,
leave-one-subject-out or k-fold cross-validation was not
used. In a clinical context, a goal is to asses severity at each
interview, and a participant’s baseline is valuable input.

Two additional sets of analyses were pursued. First, we
asked how SP and F; alone would compare to the joint
model in detecting range of severity. To answer this
question, significant SP and Fj, parameters were entered
into separate HLMs. The estimated continuous depression
scores from each HLM then were entered into separate
linear discriminant classifiers to detect range of severity.
Detecting range of depression in this way, SP parameters
resulted in 69.5 percent accuracy (kappa = 0.554), which
was comparable to that for the joint model (i.e., SP plus Fj ).
When Fj, parameters were used alone, accuracy decreased
to 57.8 percent (kappa = 0.373). Thus, F{ parameters were
less effective detectors of severity and provided no
incremental advantage relative to SP parameters alone.

TABLE 5
Depression Range Predicted from Prosodic Features

Actual

Predicted Low Mild Moderate
to Severe

Low (HRSD j=7) 30 7 3
Mild (HRSD 8 to 14) 6 19 15
Moderate to Severe (HRSD > 15) 0 9 39
Kappa=0.526.

Last, we asked whether accuracy was higher when both
participant and interviewer parameters were used relative to
when only participant parameters were used. Most previous
research has focused on single participants to the exclusion
of conversational partners. We wanted to evaluate how
much prediction power is lost when interpersonal effects are
ignored. We found that when interviewer parameters were
omitted, accuracy decreased from 69 percent to 63.3 percent
(kappa decreased from 0.526 to 0.471).

4 DiISCUSSION

Because most previous research has compared depressed
and nondepressed participants, depression effects in pre-
vious research have often been confounded by myriad ways
in which depressed and nondepressed comparison partici-
pants may differ. People who become depressed are far
more likely to have high trait neuroticism and low trait
extraversion, as but one example. Personality factors such
as these have moderate heritability that is nonspecific for
depression [31]. By restricting our focus to a clinical sample
that met criteria for MDD and by sampling each participant
over the course of their depression, we were able to rule out
personality and other correlates of depression. The varia-
tion in prosody we identified was specific to variation in
depression within a clinical sample.

We investigated intra- and interpersonal influence of
depression severity on vocal prosody in depressed parti-
cipants and their interviewers. We first consider the
findings for SPs. As depression became less severe,
participant SPs became shorter and less variable. Inter-
viewer SPs became less variable in tandem with these
changes. The dual effect for participants and interviewers
is compelling when one considers that they were statisti-
cally independent. Each was highly related to depression
severity. Together, they accounted for a third of the
variation in depression severity over the course of time.
To our knowledge, this is the first demonstration of mutual
influence in vocal prosody of depression.

The findings for interpersonal timing (i.e., SP) extend
previous findings that intrapersonal timing (e.g., pauses
between utterances) [11] is strongly related to depression
severity. Considered together, timing appears to be a robust
measure of change over the course of depression. Because
timing can be readily measured with relatively low-cost
instrumentation, routine measurement of intra- and inter-
personal timing in clinical settings would appear feasible.
Its adoption could contribute to significant advances in
understanding, monitoring, and treating depression.

Previous work by Mundt et al. [34] found that F; became
higher and more variable as patients recovered from
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depression. We found no evidence of this effect. Participant
Fy mean and variability failed to vary with severity. Several
factors may account for this failure to replicate the previous
findings. The participants studied by Mundt et al. were
inpatients, who may have been more severely affected than
the outpatients we studied, and Mundt et al. evaluated
depression over a shorter time frame. Our findings suggest
that Fy may be a better marker of personality traits than of
fluctuating changes in depression severity.

As noted, interviewer Fy mean and variability showed a
strong relationship with severity of depression. Interviewer
Fy and variability accounted for nearly 30 percent of the
variation in depression severity between participants and
about 6 percent of the variation in individual participants
over time. As depression became less severe, interviewer Fj
became higher and less variable. Stated differently, inter-
viewers became more expressive when participants were
more depressed. This is similar to the findings of Boker
et al. [6], [7] that participants increase their expressiveness
when the expressiveness of their partners is attenuated.

The within-subject effects for both participants and
interviewers are remarkable in that the pairing of inter-
viewers and participants was not fixed across sessions. At
any one session, they may have been meeting for the first
time. The change in interviewer expressiveness, therefore,
was most likely driven by something about the participant
within interviews. While it is possible that participant
nonverbal behavior other than vocal prosody or their
answers to the interview may have influenced interviewer
prosody, the strong variation we found in participant
prosody likely played an important role. Further research
will be needed to ferret out these possibilities.

The combination of participant and interviewer vocal
timing and Fj, proved a powerful predictor of both numeric
depression score and range of depression severity. Together,
they accounted for over 60 percent of variation in depression
scores. Sixty percent of estimated scores were within
444 points of the actual score; 87 percent were within
6.66 points. For a nonverbal measure, this is a striking
degree of prediction of a language-based measure.

When range of depression severity was considered, the
combination of participant and interviewer vocal prosody
led to correct classification in 69 percent of cases. The
observed kappa of 0.526 approached the level of agreement
acceptable between observers when using the same
measurement device. This suggests that moderate to high
congruence between verbal and nonverbal behavior occurs
over the course of depression. This effect was strongest
when both participant and interviewer effects were in-
cluded. Omitting interviewer effects reduced detection
rates. The combination of participant and interviewer vocal
prosody was paramount. An unexpected finding was that
Fy contributed little to severity range prediction beyond the
contribution of vocal timing. When interviewer parameters
were omitted, classification accuracy was attenuated.

Several mechanisms might be considered with respect to
interpersonal influence. While behavioral mimicry [24] or
mirroring [35] might have played a role, neither appears to
have been sufficient. First, these mechanisms would imply a
high correlation between the SPs of each person. Yet, SPs of
participants and interviewers were sufficiently uncorrelated
that each independently contributed to variation in parti-
cipant depression score and range of depression severity.

Second, Fy for participants and interviewers showed very
different associations with depression severity. Participant
Fy mean and variability were unrelated to depression
severity, while interviewer F, mean and variability were
strongly related to depression severity. These findings
appear more consistent with the hypothesis that very
different intentions and goals underlie the vocal prosody
of interviewers and participants. Confronted with a more
depressed participant, interviewers decreased their Fy and
became more expressive, perhaps in an attempt to elicit
more normal mood in the participant. The challenges of
coordinating interpersonal timing with a depressed parti-
cipant may have played a role as well. Time-series
modeling and novel experimental paradigms [6], [7] will
be needed to pursue these hypotheses.

Clinically, attention to vocal prosody and especially
timing could provide a powerful means of monitoring
course of disorder and response to treatment at relatively
low computational cost. Because vocal timing may be less
susceptible than verbal report or even facial expression to
efforts to misrepresent depression, its inclusion in assess-
ment could improve reliability of measurement and enable
more fine-tuned interventions. Interpersonal approaches to
treatments that emphasize social stressors and skills could
benefit from attention to interpersonal timing as well. Vocal
timing could inform therapeutic decisions within diagnostic
and treatment sessions and contribute to new forms of
treatment that emphasize social communication in recovery
from depression.

5 CONCLUSION

In summary, we found strong evidence that change in
depression severity is revealed by vocal prosody. Listeners
naive to depression scores differentiated symptom severity
from the voices of participants. Specific prosodic features
appeared to carry this information. Four were considered.
They were SP mean and variability and F;, mean and
variability. SP measures for both participants and inter-
viewers were strongly related to severity. These findings
suggest that vocal prosody is a powerful measure of
change in severity over the course of depressive disorder.
They encourage use of these measures to screen popula-
tions at risk for depression and in considering novel
approaches to traditional diagnostic measures in evaluating
response to treatment. Further research is needed to
investigate vocal features in addition to those we studied.
The interpersonal effects of depression we found point to
exciting directions for research in coordinated interperso-
nal timing and mental health.
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