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Abstract
We developed a model for detecting anxiety and depression
from telephony recordings between a customer and a repre-
sentative at a call center using vocal features and a deep neu-
ral network. Our binary classification model using x-vectors
outperformed the use of the other acoustic features such as i-
vectors and openSMILE features, as well as linguistic or text-
based features. Our models were built based on self-reported
scores: GAD-7 for anxiety and PHQ-8 for depression. Espe-
cially, the anxiety model’s performance is very similar to the
GAD-7 score’s screening accuracy. A prior study compared
self-reported GAD-7 scores to an actual mental health profes-
sional’s diagnosis of anxiety disorder and reported sensitivity
and specificity of 0.74 and 0.54 respectively, and our model
showed a sensitivity of 0.70 and a specificity of 0.54. This study
exhibits the potential of voice analysis on topic-independent
speech, particularly from 8 kHz phone conversations, to iden-
tify anxiety and depression.
Index Terms: speech analysis, anxiety detection, depression
detection, mental health, x-vectors, telephony

1. Introduction
Mental health evaluation is a vital topic of social interest and
concern. This has motivated research into the automatic iden-
tification of mental health issues such as depression and anx-
iety, using different modalities, such as audio and video fea-
tures [1, 2]. Some of these studies used specially designed
questions or prompts [3, 4], while others relied on open conver-
sations or spontaneous speech [5, 2]. The audio used is often
from a “mental health evaluation interview” setting and record-
ings are wide-band (16 kHz or more).

In this study, we developed a neural network model that
used phone conversations, recorded at 8 kHz, for evaluating a
caller’s anxiety and depression. This was motivated by the fact
such a model could be applied in call centers and automated
health check-up calls, especially for older adults. Since tele-
phony audio is sampled at 8 KHz, the maximum frequency bin
resolvable (Nyquist Frequency) is 4 kHz; higher sampling rates
may have offered better audio fidelity and features for frequen-
cies higher than 4KHz, but we were constrained by the applica-
tion environment (i.e. telephone interviews). While some prior
studies have analyzed the state anxiety such as anxiety during
public speech [6, 7], we focused on trait anxiety which is a
measure of the stable tendency of the anxiety in a person, sep-
arate from a momentary situation one might be in [8]. Trait
anxiety may manifest more pervasively in speech compared to
momentary or state anxiety - which as the name suggests - may
be observable in only part of the telephone conversation.

We explored several features for this task including i-
vectors [9] and x-vectors [10] which were originally developed

for speaker identification and diarization. These vectors or em-
beddings encode several aspects of a speaker’s voice [11], and
have been used in applications besides speaker identification in-
cluding language identification [12], detecting early symptoms
of Parkinson’s and Alzheimer’s [13, 14, 15] and sentiment eval-
uation [16, 17]. We utilized publicly available i-vector and x-
vector models from the Kaldi website [18] for our experiments.
We also evaluated the use of linguistic features (speech rate,
articulation rate, pause rate etc.) and features from the openS-
MILE toolkit [19, 20] for comparison.

2. Data
We partnered with the call-center of a large telehealth organi-
zation and with the consent of customers calling in, collected
conversations between the customer (caller) and a representa-
tive (agent), from November 2021 through January 2022. The
customers primarily called in regarding account billing issues.
Callers were randomly selected at the end of a call to participate
in the program and were offered a small bill credit for volunteer-
ing. Callers were told that they could drop out at any time and
still receive the compensation.

2.1. Labels and Annotations

We used the self-reported score on the GAD-7 questionnaire for
anxiety and PHQ-8 questionnaire for depression as the gold-
standard label. The GAD-7 (General Anxiety Disorder-7) is a
standard self-reported scale for screening anxiety disorder pro-
posed by Spitzer et al. in 2006 [21]. It is composed of 7 ques-
tions asking how often the person has been bothered by specific
feelings over the past 2 weeks. The total score, y, ranges be-
tween 0 to 21, calculated by summing each question’s answer
which are on a 4-point scale (0-3). Spitzer suggested cutoff
scores for 4 categories to interpret the GAD-7 scores: mini-
mal (y < 5), mild (y < 10), moderate (y < 15), and severe
(y ≥ 15). A study by Beard et al. in 2014 [22] compared the
efficacy of the GAD-7 for anxiety disorder detection against a
mental health professional’s diagnosis and reported sensitivity
and specificity of 0.74 and 0.54 respectively. Sensitivity and
Specificity are commonly used in the medical field to evalu-
ate diagnostic efficacy. They are defined as the proportion of
correctly diagnosed positive and negative labels respectively;
that is sensitivity is the recall of positive labels and specificity
is recall of the negative labels and have values between 0 and
1. Note that the comparison between the self-reported GAD-7
scores and the diagnoses of a mental health professional was
done on binary categories: anxiety disorder when y ≥ 10, and
no or minimal anxiety disorder when y < 10, not on 4 cate-
gories or continuous scores.

The PHQ-8 is an 8-item questionnaire on depressive symp-
toms. It is based on the PHQ-9 (Patient Health Questionnaire-
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9) by excluding its final question, which asks about suicidal
thoughts. The PHQ-9 [23] is a standard screening question-
naire, with answers on a 4-point scale for each item, totaling be-
tween 0 and 27 (24 for PHQ-8). Previous research [24] showed
a very strong correlation of 0.996 between PHQ-8 and PHQ-
9. Both PHQ-8 and PHQ-9 suggest a cut-off score of 10 for
screening major depressive disorder. PHQ-9 is reported to have
a sensitivity of 0.74 and a specificity of 0.91 using the suggested
cut-off score when compared to a health professional’s diagno-
sis of depression disorder [25].

At the end of the call, the representatives asked GAD-7 and
PHQ-8 questions to the callers orally. GAD-7 and PHQ-8 are
proposed as a self-administered tool but are also used in in-
person interviews or telephone assessments. A strong concor-
dance between telephone- and self-administered assessments
was reported in [26] and the evidence of equivalence between
telephone and in-person interviews was reported in [27].

Recordings having responses to all the questions in the
GAD-7 and PHQ-8 questionnaire were double-annotated by na-
tive English speakers after being familiarized with a standard
annotation manual. Any discrepancies were discussed and ad-
judicated to finalize the label. The inter-annotator agreement
was measured with Cohen’s kappa statistic at 0.950, which rep-
resents a very reliable annotation.

2.2. Data Preprocessing

We de-identified all recorded calls and discarded the channel
containing the agent’s audio. Any personal identifiable infor-
mation was redacted and large segments (or speech turns) with
identifiable information were removed from the dataset. The
part of the call where the GAD-7 and PHQ-8 questionnaires
were administered was also removed; so we only used the first
part of the call where callers discussed the billing issues for
training and evaluating our models. Any calls having less than
40 seconds of audio (after the aforementioned filtering) were
also discarded. The mean audio recording time was 124 sec-
onds. The total number of audio calls after all filtering steps
was 291 for anxiety and 295 for depression labels.

The detailed label distribution by applying the suggested
cut-off scores is presented in Table 1. The moderate or severe
label categories were under-represented in the distribution for
both GAD-7 and PHQ-8, which is consistent with the general
population of anxiety and depression. The GAD-7 label and
the PHQ-8 label were very positively correlated; the Pearson’s
correlation coefficient is 0.74 (p < 1e-10).

3. Approach
3.1. Proposed Model

Our proposed model architecture is presented in Figure 1. The
model consists of a pretrained x-vector [10] extractor and a
trainable classifier stacked on top. The model analyzes fixed
length segments of audio at a time and predicts a binary label for
each. The segment length was heuristically fixed at 36 seconds
after preliminary experiments and observing validation loss us-
ing segment lengths between 6 and 60 seconds. The binary label
corresponds to the GAD-7 or PHQ-8 score with a cutoff of 10 as
described in Section 2.1, i.e. 1 if y ≥ 10, 0 otherwise. The pre-
dicted labels for all analyzed segments for a given speaker are
combined through majority voting to produce the final label.

We used the freely available SRE16 Xvector Model on the
Kaldi website, which was trained on 8 kHz audio from sev-
eral datasets including Switchboard [28], Mixer 6 [29] and NIST

Table 1: Label Distribution

GAD-7 Label Score Count Percent

Minimal 0 ≤ y < 5 173 60%
Mild 5 ≤ y < 10 68 23%
Moderate 10 ≤ y < 15 33 11%
Severe y ≥ 15 17 6%
Total 291 100%

(a) Anxiety Label

PHQ-8 Label Score Count Percent

Minimal 0 ≤ y < 5 192 61%
Mild 5 ≤ y < 10 66 20%
Moderate 10 ≤ y < 15 24 9%
Mod. Severe 15 ≤ y < 20 10 3%
Severe y ≥ 20 3 1%
Total 295 100%

(b) Depression Label

SREs [30]. The input to the x-vector model are feature frames
containing 23 Mel Frequency Cepstral Coefficients (MFCCs)
extracted using a frame length and shift of 25 and 10 millisec-
onds respectively. Additionally, the MFCC frames are normal-
ized using Cepstral Mean Variance Normalization (CMVN) be-
fore they are fed to the network. The x-vector model itself is
a neural network composed of 5 initial 1-D convolutional lay-
ers (TDNN layers in Kaldi), a stats pooling layer, and a final
fully connected layer. All convolutions have symmetric left-
right contexts. The convolution layers have kernels of size 5,
3, 3, 1, and 1 respectively. The second and third convolutions
have dilation rates of 3 and 2 respectively. All convolutions
are followed by ReLU activation and batch normalization [31].
The first four convolution layers have 512 filters, while the fifth
has 1500. The stats pooling layer computes the mean and stan-
dard deviation of each feature dimension in the fifth convolu-
tional layer’s output, producing a feature vector with 3000 di-
mensions. The stats are computed using a sliding window of
size and stride equal to 150 acoustic feature frames, or 1.5 sec-
onds of audio. This is the default setting used while extracting
x-vectors in Kaldi. The feature vector composed of the means
and variances is transformed by a final fully connected layer to
produce the final emitted 512 dimensional x-vectors.

Before being fed to the classifier, every four x-vectors are
averaged to give a more robust x-vector that spans 6 seconds
of audio. The classifier architecture is a convolutional network
with three 1-D convolutions, all with a kernel size of 3 and 128,
128 and 64 filters respectively. This is followed by a fully con-
nected layer with 32 nodes, and an output layer with 2 nodes
and softmax activation. As is common practice, each convolu-
tion is followed by batch ReLU activation, batch normalization,
and dropout. The entire model (x-vector + classifier) has 4.5
million parameters, of which 0.28 million are trainable (classi-
fier).
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Figure 1: Classifier Architecture using x-vectors

3.2. Other Models

We explored text-based and linguistic feature models based on
the transcripts from automatic speech recognition (ASR) sys-
tem. NLP approaches have been applied to mental illness detec-
tion [32] but the ASR accuracy affects the model performance
when they are applied to spoken language data.

We transcribed all calls using Amazon’s Transcribe ASR
service and extracted “language” features identifying various
characteristics of lexical, syntactic and semantic content of the
speech. This included lexical complexity defined by n-gram
probability (using a language model generated using the Lib-
rispeech dataset [33]), word usage score (SMOG reliability
score) [34], word ambiguity and familiarity score based on lin-
guistic research [35]. The semantic features included subjec-
tive word score and depression cue word score generated by
referencing hand-generated dictionaries. Linguistic features in-
cluded speech rate, vowel length, voice/pause ratio, filler word
ratio, and repetitive word ratio. The final vector size of the “lan-
guage” features was 53.

We also evaluated the use of word and sentence embeddings
generated by a pretrained BERT model [36]. BERT is a context-
aware language representation pretrained from unlabeled text.
We generated an embedding per call first by returning the global
attention output ([CLS] token embedding) and second by av-
eraging all words’ embeddings. Using the BERT base model
whose embedding size is 768, we used the final layer of CLS
embedding for the global vector model (BERT-CLS), so the fi-
nal feature size was 768. However, for the averaging model, we
used the final 4 layers of word vectors for averaging so the out-
put vector size was 3072 (4 * 768) (BERT-AVG-4). We limited
the max input sequence length at 128 words

In addition to the ASR-based language and BERT fea-
tures, we experimented acoustic and prosodic features using the
openSMILE toolkit (widely used in emotion recognition) [37].
With different configurations in openSMILE, various feature
sets were generated and tested. They were generated per call
(per assessment) as in ASR-based features. Specifically, we

used the eGeMaps [37], ComParE [38] and IS09 [39] feature
sets from openSMILE; they comprise of several different low
level audio descriptors and higher level statistics over them
(mean, standard deviation, kurtosis, delta etc.)

We also experimented with i-vectors [9]. Because we did
not get a publicly available i-vector model trained on 8kHz data,
we used the 16kHz pre-trained model from the Kaldi website
trained on VoxCeleb [40]. We upsampled the 8kHz input into
16kHz and generated the i-vector representation.

We applied a fully connected deep neural network architec-
ture for the above features. The number of hidden nodes, the
layer depth, and the dropout rate are tuned by the balanced ac-
curacy of the development set using hyperband search [41]. We
used the ReLU activation and added a sigmoid layer at the end.

4. Experiments
4.1. Set Up

We trained two separate models for anxiety and depression and
performed 10-fold cross validation for each label. We split the
data into 10 stratified folds, with the same label distribution as
the full dataset. For each training run, we selected one fold as
a dev set for auto-tuning hyper-parameters and model selection.
We chose another as the test set to evaluate the best dev set
model. The other folds were used as the train set. We ran train-
ing 10 times so that each fold was chosen as the test set once.
We reported the performance on the combined test result from
the 10 experiments in Section 4.3.

4.2. Training

All experiments were performed using the Tensorflow frame-
work [42]. The Kaldi x-vector model was converted for use in
Tensorflow using the kaldi-tflite codebase [43]. For each mini-
batch, the training pipeline randomly selected a segment of au-
dio from the shuffled set of speakers. The appropriate features
were generated on-the-fly for these segments and provided to
the models for training.

For experiments with openSMILE features and other text-
based features described in Section 3.2, we generated a fixed
length of feature vector per call and fed it into a fully connected
(dense) model.

For all experiments, we used the Adam optimizer algo-
rithm [44] with an initial learning rate of 10−4 and a cosine de-
cay schedule (with restarts). We used binary focal cross-entropy
loss which was reported to be more effective for datasets with
label imbalance [45].

4.3. Results

The experimental results are presented in Table 2. We mea-
sure the sensitivity and specificity to directly compare with
the GAD-7 and PHQ-8’s reliability. There is a trade-off be-
tween sensitivity and specificity and each model shows a differ-
ent preference for sensitivity over specificity. The performance
comparison between models is mainly done by the balanced ac-
curacy (a.k.a. unweighted accuracy) which is equal to the av-
erage recall of all classes. The balanced accuracy is a measure
often used for data with an imbalanced label distribution and
the by-chance model’s balanced accuracy is 0.5.

The anxiety and depression model show very similar sensi-
tivity and specificity and our proposed models using x-vector
outperform other baseline models using openSMILE or text-
based features for both labels. Considering that our final goal is
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to make a screening tool for anxiety and depression where sen-
sitivity is more important than specificity, it is encouraging that
the x-vector model shows higher sensitivity than other models.

Table 2: Classifier Model Performance

Features Model BalAcc Sensitivity Specificity

x-vector CNN 0.62 0.70 0.54
Language Dense 0.60 0.62 0.58
BERT-CLS Dense 0.50 0.54 0.47
BERT-Avg-4 Dense 0.59 0.60 0.59
i-vector Dense 0.45 0.21 0.70
opensmile (eGeMaps) Dense 0.45 0.40 0.50
opensmile (ComParE) Dense 0.44 0.44 0.44
opensmile (IS09) Dense 0.44 0.30 0.59

(a) Anxiety Model Comparison

Features Model BalAcc Sensitivity Specificity

x-vector CNN 0.62 0.73 0.50
Language Dense 0.56 0.54 0.58
BERT-CLS Dense 0.60 0.63 0.58
BERT-Avg-4 Dense 0.48 0.52 0.44
i-vector Dense 0.57 0.39 0.74
opensmile (eGeMaps) Dense 0.54 0.59 0.49
opensmile (ComParE) Dense 0.51 0.33 0.70
opensmile (IS09) Dense 0.48 0.28 0.69

(b) Depression Model Comparison

5. Conclusions
We developed an anxiety detection model and a depression
detection model. We trained our model using x-vectors ex-
tracted from 8 kHz audio of phone conversations between a
customer and a call center representative. We compared the use
of x-vectors with other features including i-vectors, linguistic
features such as speech rate, articulation rate, and other text-
based features such as lexical complexity and embeddings from
BERT. We used data collected from a call-center that were la-
belled using the scores from the GAD-7 and PHQ-8 question-
naires taken by the customers. The model using x-vectors out-
performed the rest, showing sensitivity of 0.70 and a specificity
of 0.54 for anxiety and sensitivity of 0.73 and specificity of 0.50
for depression. The anxiety model performance is very sim-
ilar to the reported performance of the GAD-7 questionnaire
itself when compared to a mental health professional’s diagno-
sis (0.74 and 0.54 for sensitivity and specificity respectively).
The depression model performance is also close to the PHQ-8
questionnaire’s performance in sensitivity (0.73 vs. 0.74) al-
though the specificity is lower (0.50 vs. 0.91). This shows that
this voice model can be developed as a anxiety and depression
screening tool over phone conversations. We plan to perform
more detailed feature analysis, combine x-vectors with other
features and add more data to improve the performance of the
model.
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[19] F. Eyben, M. Wöllmer, and B. Schuller, “Opensmile: the mu-
nich versatile and fast open-source audio feature extractor,” in
Proceedings of the 18th ACM international conference on Mul-
timedia, 2010, pp. 1459–1462.

[20] F. Eyben, F. Weninger, F. Gross, and B. Schuller, “Recent
developments in opensmile, the munich open-source multimedia
feature extractor,” in Proceedings of the 21st ACM Interna-
tional Conference on Multimedia, ser. MM ’13. New York,
NY, USA: ACM, 2013, pp. 835–838. [Online]. Available:
http://doi.acm.org/10.1145/2502081.2502224

[21] R. L. Spitzer, K. Kroenke, J. B. Williams, and B. Löwe, “A brief
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