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Abstract

Psychological and physiological stress in the
environment can induce a different stress re-
sponse in different individuals. Given the
causal relationship between stress, mental
health, and psychopathologies, as well as its
impact on individuals’ executive functioning
and performance, identifying the extent of
stress response in individuals can be useful for
providing targeted support to those who are in
need. In this paper, we identify and validate
features in speech that can be used as indica-
tors of stress response in individuals to develop
speech-based measures of stress response. We
evaluate effectiveness of two types of tasks
used for collecting speech samples in devel-
oping stress response measures, namely Read
Speech Task and Open-Ended Question Task.
Participants completed these tasks, along with
the verbal fluency task (an established measure
of executive functioning) before and after clin-
ically validated stress induction to see if the
changes in the speech-based features are as-
sociated with the stress-induced decline in ex-
ecutive functioning. Further, we supplement
our analyses with an extensive, external as-
sessment of the individuals’ stress tolerance in
the real life to validate the usefulness of the
speech-based measures in predicting meaning-
ful outcomes outside of the experimental set-
ting.

1 Introduction

Various psychological and physiological stress con-
ditions, e.g., an approaching deadline, an interview
not going well, a combat situation, or extreme tem-
peratures, can have an impact on an individual due
to various (maladaptive) physiological and mental
processes (Yaribeygi et al., 2017; Sapolsky, 1996).
Long-term exposure to stress can play a significant
role in the formation and exacerbation of mental
disorders, such as anxiety disorders, depression,
and schizophrenia (Gomes and Grace, 2017; Yang
et al., 2015; Tafet and Nemeroff, 2015; Esch et al.,

2002). Stress in one’s environment may result in a
relatively immediate (whether short-term or long-
lasting) effect on performance. For example, a con-
descending interviewer may lead an interviewee
to not be able to respond at all or a sudden com-
bat situation may lead an individual to make more
errors. However, different individuals respond dif-
ferently to the same stress conditions depending
on their mental and physiological constitution, ex-
periences, training and preparedness, among other
factors. Identifying the degree of stress response
in individuals would be helpful in reducing stress’
impact on their health and performance both at the
individual and at the community level. For exam-
ple, an automatic measure of stress response can be
used by an individual for self monitoring and de-
ciding to use a management strategy of daily stress
reduction exercises when needed. Similarly, com-
munity members can be supported through targeted
allocation of mental health resources. An automatic
measure of stress response can provide additional
information about individuals’ response to stress to
the clinicians treating them so that appropriate and
timely therapeutic support can be provided.

Previously, self-report inventories of stressors
and their symptoms have been used to measure in-
dividuals’ stress response (e.g., Bland et al., 2012;
Tatar et al., 2018; Rushall, 1990). However, these
inventories are limited in their scope (e.g., sports,
school) and utilities. Further, self-report invento-
ries have inherent problems. For example, individ-
uals may not be fully aware of the effect stressors
have on them, or they may not answer questions
truthfully. Therefore, development of more objec-
tive yet accessible measures of stress response are
needed.

An extensive body of research has shown the im-
pact of stress on speech, e.g., Jackson et al. (2016);
Jena and Singh (2016); Schuller et al. (2014); Gid-
dens et al. (2013); Lierde et al. (2009); He et al.
(2008); Dietrich et al. (2008); Hansen and Patil
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(2007); Fernandez and Picard (2003); Brenner and
Shipp (1988); Brenner et al. (1983) have associated
certain changes in speech with exposure to stress.
For example, Brenner and Shipp (1988) reported
an increase in fundamental frequency, amplitude
and speech rate in extreme levels of stress. They
also reported changes in the energy distribution,
frequency jitter and amplitude shimmer in stressed
speech. Features, such as Mel-frequency Cepstrum
Coefficients, have been found to be affected by
emotional states including anxiety/stress to be use-
ful for identifying or classifying these emotional
states, e.g., see Vaikole et al. (2020); Dhole and
Kale (2020); Tomba et al. (2018); Hansen and Patil
(2007). The primary goal of the current project is
to extend this work by identifying and validating
a set of speech-based features that can be used as
individual difference measures of stress response.

To achieve this goal, we use two continuous
speech sample collection methods, namely a Read
Speech Task and an Open-ended Question Task.
Read speech provides much cleaner data than spon-
taneous speech and hence can be very useful for
modeling speech related phenomena. It has been
extensively used in speech processing studies, for
example, see Pernkopf et al. (2009); Nakamura
et al. (2008); Pruthi and Espy-Wilson (2007, 2004);
Garofolo et al. (1993). Open-ended Question Task,
on the other hand, provides more naturalistic data,
which can complement the information available
in read speech. The notion that they may pro-
vide different types of information is confirmed
by works such as Schuppler (2017) which dis-
cussed the need for developing methods for dif-
ferent speaking styles instead of just focusing on
read speech.

For the purpose of developing measures
for stress response, we consider stress
response and stress tolerance to be two
facets of the same phenomenon, where stress re-
sponse refers to how an individual responds to or is
affected by stress, whereas stress tolerance refers
to how tolerant an individual is to stress (i.e., how
well they can still perform tasks under stress). We
focus on investigating speech and identifying rel-
evant acoustic features to develop a speech-based
measure of stress response. We expect such a mea-
sure to also be informative about an individual’s
stress tolerance. To this end, we establish the re-
lationship of speech features with a complex, eco-
logically valid stress tolerance measure based on

trained judges’ stress tolerance assessment of indi-
viduals as described in Section 2.3.

The rest of the paper is organized as follows: In
Section 2, we describe our data and data collection
procedures. In Section 3, we discuss our method-
ology to extract acoustic features from the speech
produced by individuals in stress conditions and to
prepare the performance assessment measures for
evaluating the usefulness of the extracted features.
In Section 4, we present our findings based on the
analysis of extracted features from speech in terms
of their relationship with stress conditions as well
as with cognitive performance and real-life stress
tolerance measures. In Section 5, we discuss our
results and implications for development of speech-
based measures for stress response in individuals.
In addition to the features identified by our inves-
tigation to be informative of an individual’s stress
response, we also provide recommendations with
respect to the types of tasks used to collect speech
samples to extract these features. In Section 6, we
conclude and briefly discuss future work. This is
followed by Section 7 where we discuss a few use
cases and ethical considerations for this work.

2 Data

The data used for our investigation were collected
from 13 male participants. They were recruited
from among the candidates going through a week-
long selection assessment process at a US military
unit who had provided consent prior to the selection
week and remained on-site until the end of the se-
lection week. They were provided a description of
the study before obtaining their consent. The data
collection was conducted the day after the selection
week was over. All protocols for data collection
were approved by the Institutional Review Board
at the appropriate branch of the US military (where
data had to be collected) as well as the Institutional
Review Board at the Florida Institute for Human
and Machine Cognition (where the research activity
had to take place) prior to data collection.

Two types of data were collected: speech sam-
ples and selection assessment data. The speech
samples were recorded in a lab setting in two stress
conditions, namely Neutral and Stress. Sec-
tion 2.1 provides details about stress induction and
Section 2.2 provides more details about speech
data collection. In addition to the speech samples,
participants’ scores that were assigned during the
selection week by trained and experienced US mil-
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Figure 1: A demonstration of salivary gluco-corticol
stress response induced by MAST (Smeets, et al.,
2012)

itary assessment personnel were obtained to aug-
ment our analyses. More details about the selection
assessment data are provided in Section 2.3.

2.1 Stress Induction

In order to collect speech samples from partic-
ipants in the two stress conditions, Neutral
and Stress, a version of the Maastricht Acute
Stress Test (MAST) (Smeets et al., 2012) was used
for stress induction. MAST is a clinically certi-
fied stress induction which reliably elicits gluco-
corticol stress response that could be measured
through an increase in established biomarkers of
stress, such as alpha-amylase and cortisol, see Fig-
ure 1. MAST combines two established methods
of stress induction: social stress through the Trier
Social Stress Test and physiological stress through
the Cold Pressor Test. In our version, participants
were instructed to sit in front of a video recorder
and look straight at it because their facial expres-
sion would be analyzed later. Then, they completed
several rounds of hand immersion trials (HITs) and
Mental Arithmetic (MA) trials. In the HITs, they
were asked to submerge their hand for a set dura-
tion (see Figure 2) in a container filled with ice
water which was kept at 4°C. In the MA trials, they
were asked to count backwards by 17 starting from
2043, and whenever they made a mistake or took
more than three seconds to say the next number,
the experimenter gave them negative feedback and
asked them to start over. The participants also per-
formed a Verbal Fluency Task (see Section 2.2)
during stress induction. Figure 2 shows the task
sequence during stress induction.

2.2 Speech Data

Speech samples were collected from the partic-
ipants through three tasks: Read Speech Task,

Open-ended Question Task and Verbal Fluency
Task. Participants completed these tasks under both
the Neutral condition and the Stress condi-
tion. Read Speech Task and Open-ended Question
Task were used to extract acoustic features from
the two types of continuous speech samples, the
read speech samples and the naturalistic speech
samples respectively. Verbal Fluency Task, on the
other hand, was used as an assessment for cognitive
performance under the two stress conditions.

Read Speech Task. Participants read out loud a
243 words passage about the psychological con-
struct ‘grit’ in both stress conditions. The passage
was borrowed from an online blog on grit (Doyle,
2020).1 It was modified to include all phonemes in
American English to enable a rich set of analyses
(including at the phonemic level).

Open-Ended Question Task. Participants were
asked to speak for two minutes in response to four
open-ended questions each to obtain their natural-
istic speech samples in the two stress conditions.
The questions focused on stimulation seeking and
suppression of emotions in the Neutral condi-
tion and on response to distress and reappraisal of
negative emotions in the Stress condition. The
topics of these questions were derived from two
well-established works regarding stress response,
namely defensive reactivity (Kramer et al., 2012)
and emotion regulation (Gross, 2014). Specifically,
these questions sought information from partici-
pants about how they reacted to stressful situations,
e.g., “Recall and describe the most recent event in
which you were stressed about something. How
quickly/slowly did you recover from it?”.

Verbal Fluency Task. Verbal Fluency Task, a
well-established measure of executive functioning
(Shao et al., 2014), was used to assess partici-
pants’ cognitive performance in the Neutral and
Stress conditions. Participants were asked to
say out loud as many words as they could remem-
ber in 1 minute that belonged to a given category.
‘Body parts’, ‘fruits‘, ‘words starting with A’, and
‘words starting with F’ were used in the Neutral
condition and ‘animals’ and ‘words starting with
C’ were used in the Stress condition).

1https://www.aceable.com/blog/
aceable-essay-on-grit/

https://www.aceable.com/blog/aceable-essay-on-grit/
https://www.aceable.com/blog/aceable-essay-on-grit/
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Figure 2: A schematic illustration of the task sequence within the version of MAST employed in the current study

2.3 Selection Assessment Data
In addition to the participants’ responses to Verbal
Fluency Task used for assessing their cognitive per-
formance, we also obtained selection assessment
data from the host military organization. Specifi-
cally, these data were scores assigned by trained
assessment personnel based on their observations
of attributes demonstrated by the participants in
a given task, such as teamwork, leadership, and
stress tolerance. The data consisted of 61 scores
from 17 tasks performed by the participants during
the week-long selection assessment.

3 Methodology

3.1 Feature Extraction from Speech Samples
In order to identify indicators of stress response in
the speech signal, we extracted a number of acous-
tic features from the speech samples collected from
the participants under the two stress conditions. We
used Librosa (McFee et al., 2020, 2015), a Python
library for audio and music analysis, to extract the
acoustic features from the speech samples. Both
time domain and frequency domain features were
extracted. The time domain features included Am-
plitude Envelope, Root Mean Square Energy and
Zero Crossing Rate. The frequency domain fea-
tures included Magnitude Spectrum, Short-time
Fourier transform Spectrum, and 13 Mel-frequency
Cepstrum Coefficients (MFCCs) as well as their
first and second derivatives. Many of these time
domain and frequency domain features have been
found to be affected by stress (Hansen and Patil,
2007; Fernandez and Picard, 2003). Features were
extracted from speech using overlapping frames
with frame size of 1024 and hop size of 512 wave-
form samples. The mean of the feature values ex-
tracted for each frame in a speech sample was used
as the extracted feature from the speech sample
for the analyses discussed in Section 4. Addition-
ally, duration of the signal was also taken as a
feature from Read Speech Task because the rate
of speech has previously been found to be affected
by stress (Wikibooks, 2018; Brenner and Shipp,
1988; Brenner et al., 1983). Thus, a total of 45 fea-

tures from Read Speech Task and 44 features from
Open-ended Question Task were extracted from
the speech samples of participants corresponding
to each of the stress conditions.

3.2 Performance Score Based on Verbal
Fluency Task

The speech data collected from Verbal Fluency
Task were transcribed using speech_recognition,
a Python client for the Google Speech-to-Text API
(Google, 2019). The generated transcriptions were
manually checked for any errors by one of the au-
thors of this paper. Although the transcription had
a high accuracy (> 90%), manual checking of er-
rors and manual counting of the total number of
words recalled by participants in the transcriptions
was necessary because the transcription often rec-
ognized two components of a multiword item as
two words (e.g., ‘dragon’ and ‘fruits’ for ‘dragon
fruits’, ‘polar’ and ‘bear’ for ‘polar bear’).2 The
transcriptions were then used to compute the per-
formance metric ‘Word Recall’, the total number
of words recalled by the participant in one minute.

Given the different base rates for different cate-
gories (i.e., the semantic categories of ‘body parts’,
‘fruits’ and ‘animals’, and the phonetic categories
of ‘words starting with A’, ‘words starting with F’
and ‘words starting with C’), we first normalized
(Z-score) the performance metric ‘Word Recall’
for each of the categories. We, then, computed the
mean of the normalized word recall for the four
Neutral categories (viz. ‘body parts’, ‘fruits’,
‘words starting with A’, and ‘words starting with
F’) and for the two Stress categories (viz. ‘ani-
mals’ and ’words starting with C’), and subtracted
the resulting score in the Neutral condition from
the score in the Stress condition for each partic-
ipant. Thus obtained score represented the change
in cognitive performance due to stress (in SD) rela-
tive to other participants.

2Inspired by the relevance of the error rates in mental
health contexts, since speech-to-text systems’ performance
may also decline as the speech is affected under stress, in our
future investigations, we may examine the error rate also as a
feature for an individual’s stress response.
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3.3 Stress Tolerance Score Based on Selection
Assessment Data

Of the 61 selection assessment scores assigned by
the host agency’s experienced personnel based on
participant attributes demonstrated in 17 tasks per-
formed during selection week (see Section 2.3),
seven were on stress tolerance. Given that these
scores came from a diverse set of tasks (e.g., a team
building exercise) we computed a correlation (Pear-
son’s Correlation) among all of them to see if these
scores converged to measure the same construct
(i.e., stress tolerance). These seven stress tolerance
scores showed reasonable convergence, r(7) = .41.
Thus, an average of these stress tolerance scores
was taken as a complex, ecologically valid measure
of the participants’ stress tolerance.

4 Analysis and Findings

One can expect that the features in speech indica-
tive of an individual’s stress response can also be
taken to indicate that the corresponding speech
was produced in a Stress condition. Hence, one
strategy to identify potentially relevant features as-
sociated with stress response from among the 45
extracted features (44 in case of Open-ended Ques-
tion Task) is to find the ones that can distinguish be-
tween the Neutral and the Stress conditions.
Hence, we performed a paired sample t-test on our
data where the extracted features in the two stress
conditions were taken as the two sets of observa-
tions pre- and post- stress induction.3 We found
that a number of speech features, extracted from
Read Speech Task and Open-ended Question Task,
showed statistically significant difference between
the means in the observations corresponding to the
two stress conditions, as shown in Table 1.

We found that duration and a time domain
feature Zero Crossing Rate extracted from Read
Speech Task showed significant difference between
the two stress conditions with p < .005. 4 The rest
of the features that showed significant difference
with varying p-values (p < .01 or p < .05) were
all associated with the frequency domain features
MFCCs or their derivatives.

3We plan to collect more data to increase sample size to
confirm our findings and increase reliability of the results.
With the larger dataset in the future, for a more robust set of
significant features, Bonferroni or similar corrections may be
applied to the multiple comparisons.

4In this paper, we have specified a p value of < .005 to
indicate high significance but these denote the cases where the
p values are very close to though slightly greater than < .001.

Read Speech Open-ended Question
Duration*** -
Zero Crossing Rate*** Zero Crossing Rate*
MFCC2** MFCC2***
Delta MFCC4* -
Delta Delta MFCC4* -
- Delta Delta MFCC12*
- Delta Delta MFCC11*
- Delta Delta MFCC2*
- Delta Delta MFCC10*

Table 1: Speech features that show statistically signif-
icant difference between the Neutral and Stress
conditions for the two speech tasks, Read Speech Task
and Open-ended Question Task. *** indicates p <
.005, ** indicates p < .01, * indicates p < .05

Some features showed significant difference
when extracted from either of the two speech tasks.
For example, the time domain feature Zero Cross-
ing Rate showed significant difference when ex-
tracted from the Open-ended Question Task speech
samples as well, although with comparatively less
significance than when extracted from the Read
Speech Task speech samples. In contrast, the fre-
quency domain feature MFCC2 showed more sig-
nificance when extracted from the Open-ended
Question Task samples than when extracted from
the Read Speech Task samples.

The frequency domain features Delta MFCC4
(first derivative of MFCC4) and Delta Delta
MFCC4 (second derivative of MFCC4) showed
significant difference between the means for obser-
vations in the two stress conditions when they were
extracted from Read Speech Task, but not when
they were extracted from Open-ended Question
Task. Similarly, second derivatives of MFCC12,
MFCC11, MFCC2 and MFCC10 showed signifi-
cant difference in the two stress conditions when
they were extracted from Open-ended Question
Task but not when they were extracted from Read
Speech Task.

While more features extracted from the speech
samples collected for Open-ended Question Task
showed significant difference in the means between
the two stress conditions, the features extracted
from the Read Speech Task speech samples showed
a higher significant difference between the two con-
ditions, in general.

We then correlated the extracted features with
Verbal Fluency Task-based scores representing the
change in cognitive performance due to stress to
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provide a measurement of stress response in par-
ticipants (performance score), as described in Sec-
tion 3.2. Similarly, we correlated these acoustic
features with the selection assessment-based scores
that provided a measurement of stress tolerance in
participants (stress tolerance score), as described
in Section 2.3. Table 2 presents the correlations
(Pearson’s Correlation Coefficients) of the acoustic
features with the performance score (left) and the
stress tolerance score (right) for the two speech
tasks. We explored these correlations to test two
hypotheses as follows. First, some of the acoustic
features show significant correlations with stress
response/stress tolerance. Second, these features
overlap with features identified to be differential be-
tween the two stress conditions based on inferential
statistics (e.g., the paired sample t-test above).

In regards to the hypothesis about the relation-
ship between acoustic features and performance
scores/stress tolerance scores, we found that there
were a number of acoustic features in both speech
tasks that showed high to moderate correlations
with performance scores as well as with stress tol-
erance scores as shown in Table 2. Many of these
were found to be highly significant with p-values
< .005 as in the case of acoustic feature Delta
Delta MFCC7 for correlations with performance
scores for Open-ended Question Task, and acous-
tic features magnitude spectrum for correlations
with stress tolerance scores for Read Speech Task
and MFCC11 for correlations with stress tolerance
scores for Open-ended Question Task. Addition-
ally, there were other features with which also cor-
relations were significant with p-values of < .01 or
< .05. For example, Delta Delta MFCC1 showed
strong correlations with performance scores for
Open-ended Question Task with p-values < .01.
Similarly, the duration feature, representing rate
of speech, was found to be moderately correlated
with performance scores for Read Speech Task
with p-values < .05. Delta Delta MFCC13 was
moderately correlated with stress tolerance in Read
Speech Task with p-values < .05, and so were fea-
tures MFCC1, MFCC8 and MFCC9 in Open-ended
Question Task. The full set of correlations corre-
sponding to all extracted features are provided in
Appendix A.

In regards to the second hypothesis about the
highly differential features for stress conditions to
also be correlated with the performance and the
stress tolerance scores, we found that there is some

overlap between the two sets of features. How-
ever, not all features that significantly distinguished
the stress conditions were also strongly/moderately
correlated with the performance and the stress tol-
erance scores for the two speech tasks. Duration
extracted from Read Speech Task was found to
be significantly differential for stress conditions
and it showed moderate correlation with the per-
formance score in Read Speech Task which was
also significant. However, it was not found to be
correlated with stress tolerance (with r(13) = .184
for Read Speech Task and .313 for Open-ended
Question Task). Zero Crossing Rate, on the other
hand, was found to be significantly differential for
the stress conditions for both Read Speech Task
and Open-ended Question Task, but it did not show
significant correlations with the performance and
the stress tolerance scores for either of the tasks.
Similarly, MFCC2, while significantly differential
for stress conditions for both the tasks, showed low
correlations with the performance and the stress
tolerance scores. Delta MFCC4 and Delta Delta
MFCC4 were significantly differential for Read
Speech Task but showed low correlations with both
the scores for both the tasks. Delta Delta MFCC12,
Delta Delta MFCC11, Delta Delta MFCC2 and
Delta Delta MFCC10 were significantly differen-
tial for Open-ended Question Task, but showed low
correlations with both the scores for both the tasks.

While exploring the above two hypotheses, we
found a subset of acoustic features (e.g., duration,
magnitude spectrum, some of the MFCCs or their
derivatives) that showed strong to moderate correla-
tions with the performance score (stress response)
or the stress tolerance score, answering our first
question setforth in Section 1. Next, we explored
the effectiveness of speech tasks in indicating an
individual’s stress response to answer the second
question setforth in Section 1.

Based on the correlations in Table 2, we
found that Open-ended Question Task resulted
in more acoustic features than Read Speech
Task that showed strong correlations with per-
formance scores (Delta Delta MFCC7 and Delta
Delta MFCC1) as well as stress tolerance scores
(MFCC11, MFCC1, MFCC8 and MFCC9) that
were significant. However, in Read Speech Task
also, we found a few acoustic features that were not
identified by Open-ended Question Task but still
showed strong correlations with the stress toler-
ance scores (magnitude spectrum and Delta Delta
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Feature Performance Score Stress Tolerance Score
RST OQT RST OQT

Duration related features:
Duration (Speech Rate) -.628* - -
Time domain features:
Zero Crossing Rate .546
Frequency domain features:
Magnitude Spectrum -.753***
Short-time Fourier Transform Spectrum -.502 .515
MFCC1 .617*
MFCC7 .524
MFCC8 -.583*
MFCC9 -.554*
MFCC11 .516 -.735***
Delta Delta MFCC1 -.710**
Delta Delta MFCC7 .759***
Delta Delta MFCC8 .519
Delta Delta MFCC10 .534
Delta Delta MFCC13 .589*

Table 2: Moderate to high correlations (> .5) between the difference scores (Stress - Neutral) from among
the 45 features extracted from Read Speech Task (RST) and from Open-ended Question Task (OQT) and the
stress-induced change in Verbal Fluency Task performance (left) and the stress tolerance score from the selection
assessment data (right). The duration feature was dropped for OQT since the task duration itself was set to two
minutes. *** indicates p < .005, ** indicates p < .01, * indicates p < .05

.

MFCC13) that were significant. Other features
were also identified in these tasks that showed mod-
erate correlations with the performance scores (e.g.,
Zero Crossing Rate and Short-time Fourier Trans-
form spectrum in Read Speech Task, and dura-
tion, MFCC7, Delta Delta MFCC8 and MFCC11
in Open-ended Question Task) as well as with the
stress tolerance scores (e.g., Delta Delta MFCC10
and Short-time Fourier Transform Spectrum in
Open-ended Question Task) but they were not
found to be significant. Thus, we found that the
two tasks provided complementary information in
terms of features that were strongly correlated with
stress response/stress tolerance with significance.

5 Towards Building a Speech-Based
Measure of Stress Response/Tolerance

In Section 4, we identified a number of acoustic
features that strongly/moderately correlated with
Verbal Fluency Task-based performance scores and
external assessment-based stress tolerance scores.
We found that duration (speech rate) and frequency
domain features, such as magnitude spectrum and
some of the MFCCs or their derivatives, showed
strong to moderate correlations with stress re-

sponse/stress tolerance that were significant. Time
domain features, on the other hand, did not show
significant correlations with either stress response
or stress tolerance. Although this finding needs to
be confirmed with larger data, this may be taken to
indicate the effectiveness of duration and frequency
domain features over time domain features in a
speech-based measure for stress response/tolerance.
It should be noted that some of these duration
and frequency domain features, e.g., speech rate,
MFCCs and their derivatives have also been found
to be indicative of stress in prior works on stress
detection from the speech signal, e.g., Vaikole
et al. (2020); Dhole and Kale (2020); Tomba et al.
(2018); Brenner and Shipp (1988), to name a few.
Also, opportunities to validate stress response or
any predictive features against rich, ecologically
valid datasets like the Selection Assessment Data
used in our experiments are rare, and it is encourag-
ing to see significant correlations between some of
these features and the stress tolerance score based
on the Selection Assessment Data (Table 2).

We compared the two speech collection tasks,
Read Speech Task and Open-ended Question Task,
for their effectiveness in providing useful informa-
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tion in speech features for stress response/tolerance.
The findings showed that these two tasks provided
complementary information in that a different set of
features correlated with stress response/tolerance
when samples were collected through the two tasks.
This makes sense given the fact that Read Speech
Task provides cleaner speech samples whereas
Open-ended Question Task provides more natu-
ralistic speech. This suggests that a speech-based
measure for stress response/tolerance would bene-
fit from using both these tasks for data collection.
However, if only one task needs be used in order
to minimize time, effort, and other resources ex-
pended in data collection, Open-ended Question
Task should be used since Open-ended Question
Task samples led to a larger number of correlated
acoustic features which showed strong correlations
with high significance values.

Another finding from Section 4 was that the fea-
tures helpful in distinguishing between the stress
conditions may not necessarily be the features that
indicate stress response/tolerance. This may reflect
that certain aspects of an individual’s speech, while
being affected by environmental stressors, may not
involve the same mechanism as performance de-
cline. However, there may be other aspects of
speech that are involved in this way and hence
correlated with stress response/tolerance. This may
suggest that all speech features are not equal when
identifying their relationship with stress response
(performance decline) or stress tolerance. Environ-
mental stress’ effect on an individual’s speech does
not imply an effect on their cognitive performance
to the same extent or in the same way. This find-
ing supports a recommendation that while speech
features employed for stress detection can be po-
tential candidates for stress response/tolerance pre-
diction, they do not provide an exhaustive set of
features useful for such predictions and hence fur-
ther features should be explored while developing
measures for stress response/tolerance.

The flipside of the above finding is that a num-
ber of features that did not show significant differ-
ence between the Neutral and Stress condi-
tions nevertheless showed a good correlation with
the stress-induced change in executive functioning
(i.e., Verbal Fluency Task) and with the external
assessment of stress tolerance. To provide further
support for the recommendation made above, this
finding may suggest that subtle differences that do
not reach significance in distinguishing between

the Neutral and Stress conditions may still
be useful as an indicator for stress response. Alter-
natively, this mismatch between the features that
appear more frequently in the stress conditions and
the features that predict stress response/tolerance
elsewhere could be due to the difference in the type
of stress between our stress induction method and
the stress experienced by the participants during
the selection week (for the Selection Assessment
Data) or the small sample size. Hence, for develop-
ment of a reliable speech-based measure for stress
response/tolerance, further exploration would be
useful to test the mismatch hypothesis above, and
with larger datasets.

6 Conclusion and Future Work

The main contribution of this paper is to present
a proof of concept identifying potential language
markers for stress response which we plan to extend
and refine in the future with more focused and
larger trials. Specifically, we have explored the
usefulness of specific acoustic features extracted
from speech produced in two stress conditions for
their relationship with stress response and stress
tolerance. We identified duration and a number
of frequency domain features that are significantly
correlated with stress response or tolerance. In the
future, we plan to extract further acoustic features
to test a more extensive list of features as potential
candidates for involvement in the development of
the speech-based measure.

We also tested the effectiveness of two continu-
ous speech sample collection tasks, Read Speech
Task and Open-ended Question Task, in develop-
ing speech-based measures for stress response and
tolerance. We found that both tasks provided com-
plementary information in the speech features and
hence it can be beneficial to use both these tasks for
data collection. However, if one of the tasks needs
to be selected, Open-ended Question Task would
provide more information that has consequences
for stress response/tolerance.

Since this study involved only 13 participants,
in order to confirm the current results and develop
a more reliable and robust measure of stress re-
sponse/tolerance, we plan to extend it further by
increasing the sample size. The participants in the
current study belong to a very particular population,
young males aspiring to serve in a military unit.
One can reasonably assume that this special popu-
lation tends to have high stress tolerance. Testing
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general population with the current experimental
design might reveal greater range of stress response
scores. Hence, training on the general population
may lead to greater predictive validity.

Additionally, in this study, we focused on cor-
relations as a measure of the relationship be-
tween extracted acoustic features and stress re-
sponse/tolerance. In our future work, we plan to
use the identified acoustic features to develop and
train machine learning models to predict the stress
response/tolerance scores. Additionally, Open-
ended Question Task’s capability of extracting
semantics-based features, such as sentiment and
topic, will also be used to develop robust models
for stress response and stress tolerance predictions.

7 Possible Use Cases and Ethical
Considerations

The set of features identified in the current paper
has a few possible use cases. First, as stress plays a
central role in the development of psychopathology,
it is possible that those who show greater response
to stress are more likely to develop psychopathol-
ogy. An assessment based on these features may
be used to identify those who are at a greater risk
to develop psychopathology later in life. These
features could be used to build a real-time sensor
to detect signs of stress response. Such a sensor
could automatically identify when people are ex-
periencing a heightened sense of stress and help
appropriate parties to reach out for mitigation.

Privacy. Building such real-time sensors that can
detect stress or stress response in individuals based
on the speech/language they produce, however,
calls for ethical considerations. For example, as the
smart home assistance devices (Amazon’s Alexa
or Google home) become increasingly common in
households, the companies that operate the devices
can easily collect the speech data and detect stress.
This information could be used for commercial
and other purposes (e.g., showing an advertisement
for vacation or spa upon detecting stress) without
users’ consent. In general, the previous discussions
of privacy concerns regarding speech data have fo-
cused on the identifying information in the speech
signal and the semantic content of the speech. The
possible use case of the current study could result
in information about one’s emotional state also to
be collected by third parties without consent.

To mitigate some of these undesired conse-
quences, free public programs could be planned

that educate users of technology what capabilities
modern technologies have, how they can be used
both for the good and for sabotage depending on
who controls it, what privacy preferences are avail-
able to the users and how they can choose these
preferences in a more informed manner to be able
to benefit from the capabilities without being sabo-
taged. Developers of such technologies also have
a responsibility to ensure easy access and ease of
selection of preferences related to users’ privacy.

Equality. In order to develop a fully automated
measure for stress response expanding on the ap-
proach illustrated in this paper, one needs to rely
on the speech-to-text systems’ output to compute
an individual’s performance score. However, au-
tomatic speech recognition systems may perform
differently for different social groups (Koenecke
et al., 2020) or populations with different mental
health conditions (Miner et al., 2020), for exam-
ple. Hence, an automatic measure for stress re-
sponse that uses speech-to-text transcriptions may
not work as well for certain populations as it would
for others. This could result in unintended bi-
ases against individuals belonging to certain so-
cial/clinical groups through misdiagnoses or mis-
classifications. To overcome such unintended re-
sults, one needs to account for the differences in
performance of the components used to develop the
automated measure of stress response for different
populations. Involving individuals from different
populations while developing such automated sys-
tems, e.g., by training systems on data obtained
from them, can be helpful.
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forms and no identifying information is released.
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Feature Performance Score Stress Tolerance Score
RST OQT RST OQT

Duration related features:
Duration (Speech Rate) -.628* - .184 -
Time domain features:
Amplitude Envelope -.336 -.342 -.094 .330
Root Mean Square Energy -.381 -.410 -.055 .377
Zero Crossing Rate .546 -.115 -.470 .359
Frequency domain features:
Magnitude Spectrum .050 .337 -.753*** -.492
Short-time Fourier Transform Spectrum -.502 -.271 -.140 .515
MFCC1 -.282 -.341 -.247 .617*
MFCC2 .017 -.297 -.217 .405
MFCC3 .019 .138 .030 -.300
MFCC4 -.464 .134 .223 .202
MFCC5 -.447 -.207 .099 -.094
MFCC6 .167 -.245 .293 -.125
MFCC7 -.155 .524 -.050 -.486
MFCC8 -.272 .432 -.451 -.583*
MFCC9 -.423 .048 .132 -.554*
MFCC10 .153 -.343 -.009 -.206
MFCC11 -.209 .516 -.037 -.735***
MFCC12 .128 .288 .104 -.387
MFCC13 .411 -.250 -.167 .363
Delta MFCC1 .063 -.279 -.052 .360
Delta MFCC2 .061 .124 -.156 .028
Delta MFCC3 -.037 .125 -.240 -.028
Delta MFCC4 -.349 -.191 -.015 .090
Delta MFCC5 -.055 .221 -.308 .064
Delta MFCC6 -.268 .358 .016 -.151
Delta MFCC7 -.401 .439 .051 -.187
Delta MFCC8 -.159 .086 .025 -.205
Delta MFCC9 -.149 -.280 -.169 .014
Delta MFCC10 .469 -.261 -.413 .046
Delta MFCC11 .329 .129 -.474 -.177
Delta MFCC12 -.181 -.350 -.480 .203
Delta MFCC13 -.073 -.197 -.406 .068
Delta Delta MFCC1 -.183 -.710** .129 .322
Delta Delta MFCC2 -.293 -.122 -.057 -.118
Delta Delta MFCC3 -.003 .323 -.060 -.129
Delta Delta MFCC4 .187 .090 -.320 -.112
Delta Delta MFCC5 -.413 -.069 -.115 0.177
Delta Delta MFCC6 .256 .531 .059 -.199
Delta Delta MFCC7 .094 .759*** .038 -.090
Delta Delta MFCC8 -.163 .519 -.133 -.137
Delta Delta MFCC9 -.037 -.153 -.225 -.020
Delta Delta MFCC10 .353 -.459 .200 .534
Delta Delta MFCC11 .301 -.258 .097 .186
Delta Delta MFCC12 -.008 -.094 .293 -.015
Delta Delta MFCC13 -.456 .350 .589* -.155

Table 3: Correlations between the difference scores (Stress - Neutral) of the 45 features extracted from Read
Speech Task (RST) and Open-ended Question Task (OQT) and the stress-induced change in Verbal Fluency Task
performance (left) and the stress tolerance score from the selection assessment data (right). The duration feature
was dropped for OQT since the task duration itself was set to two minutes. Moderate to high correlations (> .5)
are indicated with the bold font. *** indicates p < .005, ** indicates p < .01, * indicates p < .05

.


