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A B S T R A C T

Vocal recognition is central to the coordination and organization of behavior in pair-bonding species such as
zebra finches. Zebra finches’ vocalizations are individualized and support acoustic discrimination processes.
Physiological states - such as the ones involved in emotional stress - can modify vocal production and conse-
quently the structure of vocalizations. These modifications might signal the state of the caller but also impair
individual recognition processes. This may represent a signaling trade-off, especially in contexts where both
pieces of information can be critically important, for example when mates use calls to reunite after social iso-
lation. Here we study the impact of a stress on the individual vocal signature in both female and male zebra finch
distance calls.

We built a manually curated database of distance calls of several individuals (both females and males) re-
corded in control and stress conditions. The stress was induced either by social isolation of the bird or using
exogenous corticosterone. We developed a machine learning approach to assess the impact of stress on the
individual characterization of calls.

We show that while calls’ spectral structure is significantly modified by stress, it still allows for the correct
classification of calls to the caller. Moreover, we also show that the stress-induced modification of calls’ structure
is not a 'general feature signal' that can be detected as a 'stress' signal regardless of identity. Thus, female and
male zebra finch calls’ structure show stress-induced flexibility that stays within the range of individual vocal
signatures.

1. Introduction

Vocal recognition or discrimination is central to the coordination
and organization of behavior in many social species. The acoustic
structure of vocalizations may inform conspecifics on a caller’s species,
sex, group membership, relatedness or individual identity (Bradbury
and Vehrencamp, 2011; Marler and Slabbekoorn, 2004). To allow ef-
ficient discrimination, vocalizations must bear stable acoustic sig-
natures (Beecher, 1989). For instance, individualized features of voca-
lizations make individual vocal recognition possible (e.g. Aubin and
Jouventin, 1998, Bee and Gerhardt, 2002; Charrier et al., 2001; Janik
et al., 2006; Jouventin and Aubin, 2002; Mathevon et al., 2008).

Beside stable information on the caller, vocalizations may also bear
labile and transient pieces of information, like context, motivation or
emotion (Morton, 1977, Manser, 2001; Briefer, 2012). Such temporary
information can be detected in modifications of the temporal pattern of

calling behavior: as e.g. in birds (Kilner and Johnstone, 1997) and frogs
(Tobias et al., 2004). Instantaneous information can also be expressed
in changes in the vocalization units using for instance call type varia-
tions like in the great gerbil (Randall and Rogovin, 2002) or acoustic
structure variations as in white-browed scrubwren (Leavesley and
Magrath, 2005).

Both types of information, stable and transient, may be encoded in
different categories of vocalizations: besides their species-specific and
individualized songs, many small passerine species share the ‘seet hawk
alarm call’ in response to a bird of prey in flight, a high-pitched and
narrow band pure tone (Marler, 2004). But the two categories of in-
formation, stable and transient, can also be encoded in the same vo-
calizations see for examples African elephants (Soltis et al., 2005),
domestic dogs (Yin and McCowan, 2004) or meerkats (Schibler and
Manser, 2007). If one vocalization transmits information pertaining to
multiple pieces of information, those can still be encoded in different
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parameters (segregation hypothesis, Marler). For example, in mongoose
the segregation is temporal and within the syllable (Jansen et al., 2012)
whereas in baboons it is both in tempo and spectral structure (Rendall,
2003).

Stable and transient pieces of information can also be coded in the
same sets of parameters of the vocalization, and in that case there might
be a trade-off in the signal’s reliability, with one component more ac-
curately communicated than the other (trade-off hypothesis, Briefer
et al., 2010). In fallow deer (Dama dama), some acoustic features of the
groans code for both individual identity and phenotypic quality (age
and dominance status), so vocal cues coding for individuality change
over years and information about quality is more reliable than identity
(Briefer et al., 2010).

This signaling trade-off might be particularly stringent when both
pieces of information can be critically important to the receiver. In
zebra finches (Taeniopygia guttata), birds from life-long pair-bonds and
mated partners have highly synchronized activities (Zann, 1996;
Mariette and Griffith, 2012). When mates lose visual contact or reunite
after a separation, they exchange distance calls, which are highly in-
dividualized harmonic stacks (Elie and Theunissen, 2016; Forstmeier
et al., 2009; Mouterde et al., 2015) and allow mate discrimination
(Vignal et al., 2004, 2008; Hernandez et al., 2016). These calls can also
convey information on the physiological stress of the caller: calls pro-
duced in social isolation (a stressful situation of negative valence in this
species (Remage-Healey et al., 2003; Banerjee and Adkins-Regan,
2011)) or after experimental corticosterone elevation show specific
structural changes (Perez et al., 2012). Moreover, these stress-induced
calls promote emotional contagion in mates, as females show increased
corticosterone levels after hearing the stressed calls of their mate, and
not after hearing the stressed calls of another male (Perez et al., 2015).
In an operant discrimination task, females grouped the stressed calls
and the control calls of the same male in the same category (Perez et al.,
2015).

Zebra finch distance calls seem to reliably convey both individual
identity and stress, defined here as an emotion of high arousal and
negative valence (Briefer, 2012). But how do these two pieces of in-
formation impact each other? Does stress modify all individuals’ calls
the same way, making it a universal superimposed feature allowing any
listener to detect stress in the calls of any caller (universality hypoth-
esis)? Or do stress modifications of call structure stay within the caller’s
acoustic features space, so it is possible only for a familiar listener to
detect stress in the vocalizations of a caller (familiarity hypothesis)?

To test these hypotheses, we built a manually curated database of
distance calls of female and male zebra finches recorded in control and
stress conditions. The stress was induced either by social isolation or by
experimental increase of corticosterone (oral ingestion). We developed
a machine learning approach using random forests to assess the impact
of a stress on the individual vocal signature in both female and male
calls.

2. Material and methods

2.1. Dataset

We used recordings of zebra finch distance calls from 4 different
experiments (described in Table 1). For the purpose of this article all

vocalizations have been pooled and no distinction of the origin of the
data has been made. However, all recordings were made using bird
from the same aviary - similar housing conditions, daylight cycles and
food type and quantities - in addition to similar recording rooms and
apparatus. The total number of calls was 1780 control calls (53%) 1548
stress calls (44%) spanning 57 different individuals (see Table 1 for
summary).

Most control calls were elicited using a playback of opposite sex
calls (female calls for male subjects, male calls for female subjects) and
in the presence of an audience of 2 other birds (dataset 1, 2 & 4, see
Perez et al. (2012) for details on protocol) with exception for dataset 3
where the stimulus was a physical and visual separation but within
hearing distance from partner (see Perez et al. (2015) for details on
protocol). The stress condition was either obtained via social isolation
(dataset 1, 2 & 4) or after exogenous corticosterone (CORT) ingestion
(dataset 3) (see Perez et al. (2012) for details on protocol).

2.2. Data pre-processing - duration extraction

Calls were separated wave files (16bit 44.1 kHz sampling mono-
channel) that were processed automatically using custom software
written in Python. The first step of pre-processing was to compute the
amplitude using the spectrograms, which were obtained using an FFT
with frequency band of 125 Hz using a Gaussian Filtering. The temporal
sampling frequency was set at 1 kHz. Within each wave file, the max-
imum amplitude time was extracted and a call was defined as the in-
terval around the maximum amplitude time such that the amplitude
within this interval remained 10% of the maximum amplitude. This
processing allows us to extract a call reliably within a recording by
obtaining the same amplitude variation. This also yields a reproducible
call length independent of the recording levels defining the duration of
the calls.

2.3. Spectrogram matrix

For this analysis, the spectrogram of a call will be viewed as a matrix
of acoustic parameters. In order to compare those matrices between
calls, we needed to standardize their sizes across the entire dataset. To
do so, we first find the longest call of the dataset, which then sets the
duration reference. We compute the spectrogram of each call for the
same duration as this reference duration by padding with zeros (both in
time and frequency) to obtain matrices with identical dimension for
every calls (shorted calls were centered). Finally, we selected a fre-
quency band - between 200 Hz and 8 kHz as it contained most of the
spectral information for calls and ignored spectral information beyond
that interval. In this dataset, the longest call was 888ms long and the
frequency band had 59 points. So each call of the dataset has been
described as a series of 59*888 values (parameters) corresponding to its
full spectrogram. The so-called spectrogram matrix data which will
contain the spectrogram values of all the calls of the dataset is a matrix
of 3328 lines (the number of calls) and 52392 columns (59 * 888 the
spec). We reduced the dimensionality of this matrix data by using a
principal component analysis (PCA). We kept the 20 first components to
obtain a SPEC matrix data of 3328 lines and 20 columns (similar to the
technique used in Mouterde et al., 2015).

Table 1
Dataset summary.

Set Sex # Ind Stimulus Control # Control calls Stress # Stress calls

1 F 25 Playback Audience 528 Isolation 490
2 M 15 Playback Audience 423 Isolation or Audience+Exogenous CORT 456
3 M 11 Separation Acoustic contact with partner 677 Acoustic contact with partner+ Exogenous CORT 410
4 M 6 Playback Audience 152 Isolation 192
Total 57 1780 1548
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2.4. Acoustic parameters matrix

In addition to the SPEC matrix, we selected the following 16
acoustic parameters as acoustic features of a call in a similar way to
(Elie and Theunissen, 2016). Eight parameters were computed from the
power spectral density (PSD): the average spectral density, its standard
deviation, its skewness (order 3 centered moment), its kurtosis (order 4
centered moment), its entropy and the quartiles 1, 2 and 3 (Q1, Q2, Q3
respectively). Five parameters were calculated from the resampled
waveform signal (amplitude against time) with a new sample rate of
1000 Hz: the average time, the temporal standard deviation, the
skewness, the kurtosis and the entropy. We have added the maximal
amplitude and the mean saliency. The saliency is a measure of the
significance of the fundamental frequency, that is whether (high sal-
iency) or not (low saliency) the fundamental is easily identified in the
mass of frequencies. It can be formulated as the perceptual pitch
strength. All these parameters are described in detail in (Elie and
Theunissen, 2016) and mean values can be found in Table 2.

Finally, the duration computed from the calls pre-processing step
was added to the matrix for a total of 16 parameters to obtain the
ACOUS matrix data of 3328 lines and 16 columns. Acoustic parameters
were chosen quite arbitrarily and full spectrum may contain noisy and
redundant information. For sake of completeness, we added another
matrix to the analysis by concatenating the first two to obtain the
COMB (for combined) matrix data of 3328 by 36.

2.5. Machine learning analysis

In order to assess the impact of stress on individual discrimination
we used machine learning techniques to learn how to discriminate
between emotional states or between individuals. To obtain the max-
imum correct discrimination we used an extremely efficient classifica-
tion algorithm: the random forest (Breiman, 2001). This provided a
lower bound of discrimination capabilities. Random forests are su-
pervised learning algorithm based on consensus of tree classification.
Here we trained 100 forests — each one having 1000 trees —to learn a
classification task using 75% of the data available (training set) ran-
domly chosen for each forest. We computed the error of classification
on the remaining 25% (validating set). The feature selection criterion is
the variance reduction. The algorithm is provided in the random forest
classifier in the sklearn library for python (Pedregosa et al., 2011).
Unless otherwise mentioned, the standard errors were computed using
all 100 learning errors. We stress here that each forest used a randomly
chosen training and validating data set. We used the average values

plus/minus the standard error for the figures. The high number of trials
ensures that we obtained a good approximation of the mean. In all
cases, mean comparison statistical tests were significant.

3. Results

3.1. Sex differences in calls and impact of stress

By inspecting the first two principal components density computed
on the full centered spectrograms (see methods) yields a clear distinc-
tion between female and male (Fig. 1A and B) whereas differences are
harder to make between control and stress.

3.2. Control/stress differences in calls

We first show that this is possible to distinguish between control and
stress calls, no matter the caller’s identity: the 'Status' feature taking
only two values: Control or Stress. The classification error was com-
puted on the validating data set and the results are displayed on Fig. 2A
(for 100 learning trials). The first 3 bars show the results when all calls
are used for training and validating (SPEC: 18.37 ± 0.13%/ACOUS:
17.17 ± 0.13%/COMB: 13.75 ± 0.13%). The next two sets of 3 bars
are obtained by restricting dataset to male (SPEC: 14.4 ± 0.14/
ACOUS: 17.3 ± 0.15/COMB: 12.6 ± 0.15) and female calls (SPEC:
15.32 ± 0.25/ACOUS: 15.91 ± 0.20/COMB: 12.25 ± 0.24) respec-
tively. Because the task is to classify between control and stress, a pure
random selection should yield an error of 50%. The first result is that
there is a detectable difference between control and stress calls that can
be discriminated in our dataset.

In the first training session most forests did train on exemplars of
calls of all individuals in both conditions. We did another experiment
where we trained the forest on 75% of the individuals with the validating
dataset being the 25% remaining individuals. In other words, the forests
did train on a subset of the population and try to predict on another
subset of individuals on which they did not train. Results are displayed
on Fig. 2B. As for the previous figure, the first 3 bars show the results
when all calls are used for training and validating (SPEC:
42.1 ± 0.5%/ ACOUS: 47.40 ± 0.4% / COMB: 44.4 ± 0.5%). The
next two sets of 3 bars are obtained by restricting dataset to male (M
SPEC: 42.2 ± 0.6%/M ACOUS: 47.5 ± 0.5%/M COMB: 43 ± 0.5%)
and female calls (F SPEC: 36.0 ± 0.9%/ F ACOUS: 45.0 ± 0.8%/ F
COMB: 45.2 ± 1.0%) respectively. Note that the random selection has
the same average error as above (50%). When learning the emotional
state classification on a sub-population to predict the emotional state of

Table 2
Mean (in white) and standard deviation (grey) of acoustic parameters breakdown by male/female and control/stress.

Stress Sex Mean Spectrum SD Spectrum Skewness Spectrum Kurtosis Spectrum Entropy Spectrum Q1 Q2 Q3

C F 3759.49 714.31 0.205 5.34 0.675 3319.46 4110.39 4895.38
C M 3753.91 796.41 0.189 5.34 0.726 3283.61 3687.03 4214.11
S F 3575.50 697.57 0.238 6.01 0.675 3157.91 4396.82 5703.66
S M 3826.79 749.71 0.082 5.07 0.714 3371.02 3795.26 4282.05
C F 601.42 142.34 0.780 3.37 0.075 530.82 2357.76 3116.85
C M 451.99 171.51 0.829 2.52 0.073 510.42 548.23 588.09
S F 738.31 142.16 0.876 4.77 0.075 648.34 3303.88 4684.17
S M 398.15 151.96 0.655 1.96 0.075 434.25 473.77 512.56

Stress Sex Mean Time SDTime Skew Time Kurtosis Time Entropy Time Amplitude Mean Saliency Duration

C F 0.098 0.051 0.143 2.159 0.972 0.146 1469.02 270.65
C M 0.071 0.036 0.175 2.162 0.973 0.099 1496.78 134.16
S F 0.117 0.061 0.141 2.111 0.976 0.159 1375.51 281.75
S M 0.078 0.041 0.163 2.171 0.975 0.142 1439.25 142.87
C F 0.048 0.024 0.221 0.191 0.010 0.075 297.29 80.77
C M 0.031 0.015 0.262 0.203 0.010 0.070 238.42 40.71
S F 0.082 0.040 0.186 0.163 0.009 0.078 278.93 92.92
S M 0.032 0.016 0.219 0.168 0.009 0.078 267.98 44.87

H.A. Soula et al. Behavioural Processes 163 (2019) 113–120

115



another (different) subpopulation, the performance of discrimination
dramatically crashed and constituted a very small improvement com-
pared to random selection.

To conclude, our analysis shows that control and stress calls are
acoustically distinct, but the correct assignment of an emotional state to
a caller is efficient only with previous knowledge of control and stress
versions of the calls of the same individual.

3.3. Impact of stress on individual discrimination based on calls

Instead of classifying conditions, we train the random forests to
classify individuals using their calls. As there are 57 individuals in the
dataset (32 males/ 25 females) we trained the random forests to classify
the 57 categories. As seen in Fig. 3A, we first trained the random forests
on all calls according to the three features datasets which obtained
respectively 21.4 ± 0.1% (SPEC), 11.4 ± 0.1% (ACOUS) and

9.5 ± 0.1% (COMB) of error rate. We then broke down according to
stress status (see Fig. 4A) yielding C SPEC: 19.4 ± 0.2% C ACOUS
11.6 ± 0.2% and C COMB 9.8 ± 0.2% when restricted to control
calls, and S SPEC: 18.4 ± 0.2% S ACOUS 10.4 ± 0.2% and S COMB
8.4 ± 0.2% when restricted to stress. The best results were obtained
for COMB dataset which performed equally well (between 8.4% and
9.9% of error) regardless of set choices. Since, in the case of pure
random selection the expected error rate is equal to one minus the in-
verse of the number of individuals. This amounts to 98.3%, 97.1% and
96.8% error rate for all, male and female calls respectively. Therefore,
when trying to identify individuals using either their control calls, stress
calls or both, the random forest is ten times better than the random
selection. There is no impact of the emotional status on the power of
discrimination. We can conclude that calls are highly individualized,
and emotional state does not impair individual signatures.

Fig. 3B shows the same results as 4A for all calls and displays also

Fig. 1. Density distribution of PC1 A) and PC2 B) according to sex and stress condition. PCA was performed on all the calls.
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the individual classification results when the data set is restricted to
male: M SPEC 7.0 ± 0.1% / M ACOUS 8.6 ± 0.1% and M COMB
4.4 ± 0.1% and to female F SPEC 24.3 ± 0.2% F ACOUS
18.3 ± 0.3% and F COMB 13.1 ± 0.25%. This result suggests that sex
has an impact on discrimination. We obtain a very low error (4.4%) for
male discrimination (for COMB) whereas the best we can obtain is
13.1% for female making female calls harder to discriminate than
males’.

Since the previous results were obtained for both control and stress
calls, we, for sake of completeness, present the results on Fig. 3C - using
acoustic parameters only - of the individual discrimination splitting
between sex and emotional status. Male discrimination error state in
control condition is 9.26 ± 0.17% whereas in stress condition is
8.4+ ± 0.18%. The female results are 18.6 ± 0.35% for control and
14.5 ± 0.34% for stress. When broken down by sex and emotional
status, stress calls are easier to discriminate than control but for both
sets discrimination is ten times better than random selection making
them easily discriminable. In short, individuality is not lost by

modifications due to emotional state.
Individual discrimination using calls of different emotional states
We then tried to predict the identity of the caller using the calls in a

given emotional state (e.g. stress) while learning on the other emotional
state (e.g. control). Prediction results are displayed on Fig. 3D. The
classification errors using all control calls for training and all stress calls
for validating ("C-> S" 46.6 ± 0.1%) gets comparably high error rates
than the reverse ("S->C" 51.0 ± 0.1%). On male calls only, the dis-
crimination is better ("C-> S" 35 ± 0.1% and "S->C" 42.7 ± 0.1%)
than on female calls (C-> S" 72.4 ± 0.2% and "S->C" 71.0 ± 0.2%)
but remains high (one call out of three is attributed to the wrong in-
dividual). Again random selection error rates are respectively 98.3%,
97.1% and 96.8%. Thus, while still better than the random selection,
error rates are high when predicting the identity of a caller using its
calls in a given emotional state while learning on calls of another
emotional state. Individuality is harder to discriminate in one emo-
tional state if we know the calls of individuals only in the other state.

Fig. 2. Learning results on stress with three data matrices: spectrogram (SPEC), acoustical data (ACOUS) and combined (COMB) for all the calls, male calls and
female calls separately. A) Control/Stress classification errors performed on all the calls separately using the calls of all the individuals in the training set. Individuals
in the training and validating set are the same. B) Control/Stress classification errors with dataset separated by individuals. The training is performed on the calls
75% of the individuals and predicted on the remaining 25%. Individuals tested in the validating data set were different from the ones in the training data set.
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3.4. Discriminating acoustic features

Random forests use features for learning and provide the GINI index
to quantify the importance of each feature for the classification. A high
GINI value means that the feature is important for the discrimination.
Because we used 16 acoustic parameters, the average explanation
percentage is 6.25%. We computed the GINI index for all the classifi-
cation tasks above and display the results as a heatmap on Fig. 4. For
the control/stress discrimination, the three features with the highest
GINI value are the amplitude (9.45%) duration (8.41%) and temporal
standard deviation (SD Time 7.5%). When restricted to female calls, the
first three are the entropy time (9.70%), duration (9.1%) and standard
deviation of spectrum (SD spectrum 8.3%) whereas for male calls the first
three are amplitude (10.77%) duration (8.15%) and temporal standard
deviation (SD Time 7.03%). While it differs depending on the sex,
duration and amplitude were among the most important variables used
to discriminate between control and stress calls.

For individual discrimination tasks, the most discriminant features
are the duration (12.14%), temporal standard deviation (SD Time
11.5%) and mean time (10.6%) when considering all calls. When re-
stricted to control calls the most discriminant feature is the temporal
standard deviation (11.71%) whereas when restricted to stress calls the
most discriminant feature is the duration (13.73%). As expected, im-
portant cues for individual discrimination slightly differ between stress
and control conditions. When breaking down according to sex, the most
discriminant features for male control calls are temporal standard de-
viation (11.0%), mean time (9.4%) and duration (8%) whereas it is

duration (14.6%), temporal standard deviation (13.0%), mean time
(11.2%) for male stress calls. In contrast, for female, duration (12%),
mean spectrum (10%) and Q1 (8.5%) are the most important for control
calls, and duration (14.4%), entropy time (10.5%) and mean spectrum
(8.3%) for stress calls. Temporal feature such as temporal standard
deviation and duration emerged as the most prominent features for
individual discrimination whether we separate the dataset by sex or
not.

4. Discussion

Here we confirm that zebra finch distance calls reliably convey both
individual identity and stress, and we show for the first time how both
pieces of information influence one another.

Using random forests, we show that whatever the sets of parameters
(full spectrogram, selected acoustic parameters, or both combined),
control and stress calls are discriminated with error rates well below the
random selection. In short, it is clearly possible when confronted to
several exemplars of control and stress calls of various individuals to
predict robustly the emotional state of the caller. This result seems in
favor of the universality hypothesis, stating that stress modifies all in-
dividuals’ calls the same way. However, stress calls can be distinguished
from control calls as long as both versions from the same callers have
been used for learning. When trying to predict on a new (i.e not trained
for) sub-population of callers, performances collapse almost to the level
of random selection. Therefore, it seems reasonable to conclude here
that calls can serve as an emotional carrier but only between familiar

Fig. 3. Individual discrimination results: A) percentage of misclassification according to the data used (SPEC/ACOUS/COMB) for all calls and according to stress
status (both sexes) B) percentage of misclassification according to the data used (SPEC/ACOUS/COMB) for all calls and according to sex status (both status) all calls
and C) classification errors for the ACOUS data set separating both sexes and stress D) individual classification error using either control (C) or stress (S) data as
training set and stress (S) or control (C) as validating separated by sex. This was performed using the ACOUS dataset.
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birds. This result is in favor of the familiarity hypothesis, i.e. it is pos-
sible only for a familiar listener to detect stress in the vocalizations of a
caller.

How is individual identity maintained in calls through stress? First,
we show that it is very easy to recognize an individual when confronted
to both versions of calls (both stress and control) as well as restricted to
only one emotional status. Indeed, we obtain errors below 10% -
compared to a 95% error rate for the random selection. This success is
independent on the emotional status. Whereas stress changes the call
structure and properties it does not alter identity recognition (as esti-
mated by performance). This is consistent with previously published
results on females’ perception (Perez et al., 2015), which showed that in
an operant discrimination task, females grouped the stressed calls and
the control calls of the same male in the same category.

When breaking down by sex, results are even better for male calls
(reaching an extremely low 4% error rate for combined data). Results
are fair for female calls but it seems their identity is harder to dis-
criminate using their calls. Changes due to emotional state do not
change individual vocal signature enough to alter individual dis-
crimination, which remains very efficient even when merging control
and stress calls. This is again in favor of the familiarity hypothesis,
stating that stress modifications of call structure remain in the caller’s
individual acoustic space, making discrimination of control and stress
calls of one individual only possible for familiar listeners.

In contrast, when trying to predict individual identity on calls of one
emotional state with the previous knowledge of the other emotional
state only (e.g. predicting identity on stress calls with previous
knowledge of control calls only), the error rate increased dramatically.
In short, while stress calls retain individual identity information, stress
does blur individual signature, and it is more difficult to classify stress
calls to the correct caller if only control calls were previously known
(and the reverse is true). This suggests individual recognition is more

robust for listeners that have heard calls of an individual in both states.
Random forest can provide a value called GINI that indicates for

each parameter its importance for the classification. When considering
both sexes together, most important parameters for discrimination of
control and stress calls were duration, maximum amplitude and stan-
dard deviation of the waveform (SD Time). Stress increased calls’
duration, maximum amplitude and dispersion in amplitude within call.
As shown above, these parameters allow for discrimination between
emotional states only if both exemplars of calls are available for
training. In other words, while stress calls are usually longer and
louder, they are mostly longer and louder than their control counter-
parts. When considering the sexes separately, most discriminant para-
meters were the same for males, and stress modifies female call struc-
ture by mostly increasing duration, increasing entropy of the waveform
(entropy time) and decreasing dispersion in the call’s frequency spec-
trum (spectral standard deviation).

Many studies, including our own (Perez et al., 2012; 2015), reported
that stress, as an emotion of high arousal and negative valence, impacts
the acoustic structure of vocalizations by increasing average frequency,
pitch (F0) and amplitude (reviewed in Briefer, 2012). In the present
results, maximum amplitude and duration are the parameters that best
discriminate control and stress calls, and both increased with stress.
Even though they vary significantly between control and stress, spec-
trum parameters are not the most discriminant parameters of stress and
control calls. This seems counterintuitive but the machine learning
learns to separate all control calls from stress calls irrespective of in-
dividuality. In a pool of calls made by various individuals the best
parameters to separate stress from control is to start with duration and
amplitude. Spectral parameters can vary for individual between its
control and stress calls but this variation is blurred when pooled with
other individuals.

For individual discrimination, the most discriminant parameter is

Fig. 4. Heatmap on GINI as percentage of importance for stress/control classification (first three rows) and individual discrimination (remaining rows). All rows sum
to 100%.
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duration when considering only stress calls, but standard deviation of
the waveform (temporal standard deviation) when considering control
calls only. The fact that salient cues for discrimination are different
between stress and control helps explaining the apparent contradiction
between the fact that stress does not influence recognition but this re-
cognition is less robust when learning on calls of one emotional state
and classifying calls of the other state. Indeed, discrimination does not
operate on the same cues.

When considering the sexes separately, most discriminant para-
meters for individuality in male control calls are duration, mean of the
waveform (meantime) and standard deviation of the waveform (tem-
poral standard deviation), whereas in female control calls they are
duration, mean of the spectrum and first quartile (Q1).

Even if they use a diversity of parameters, the coding of emotional
state (control/stress) and individuality share common call parameters
important for acoustic discrimination (duration, standard deviation of
the wave form). Consequently, stress calls do not have generic prop-
erties which allow any listener to detect stress in the calls of any caller
(universality hypothesis). Instead, it is necessary to compare stress calls
to control calls of the same caller to identify stress. Therefore, stress is
not translated in zebra finch distance calls as a generic feature with
clear meaning to everyone (as opposed to e.g. an alarm call). Indeed, to
convey stress information, the caller must be known acoustically in
both emotional conditions by the receiver. This result is consistent with
Perez et al. (2015) in which we showed physiological resonance of fe-
male zebra finches in response to the stress calls of their mate.

While this is out of the scope of the present manuscript, it is prob-
ably a future venue to examine the differences in both parameters and
performance in discrimination depending on the origin or nature of the
stress. In the present dataset, we pooled together stress induced by
isolation and by corticosterone ingestion. While they share common
properties, these two stress conditions can potentially have a different
impact and be discriminated. It is entirely possible that various stress
typologies lead to differentiated call structure that can be assessed and
differentiated by birds.

Finally, because we used very efficient machine learning tools, we
could assess information quantity using classification errors and we can
conclude that our results represent the potential bottom line of dis-
crimination. We are fully aware that birds do not need to be at the
bottom line and that behavioral experiments must be conducted to
assess the bird’s actual classification power. By using general acoustic
parameters as well as full spectrograms, classification was obtained on a
comprehensive set of parameters that are fully available to the birds
themselves. This very general description of acoustic information is
extremely powerful since it allows us to be the most comprehensive and
with the fullest discrimination power.
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