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Mice produce ultrasonic vocalizations (USV) in multiple ocomunicative contexts,
including adult social interaction (e.g., male to female aotship), as well as pup calls
when separated from the dam. Assessment of pup USV has been wely applied in
models of social and communicative disorders, dozens of wish have shown alterations
to this conserved behavior. However, features such as call pduction rate can vary
substantially even within experimental groups and it is uhear to what extent aspects of
USV represent stable trait-like in uences or are vulnerablto an animal's state. To address
this question, we have employed a mixed modeling approach tdescribe consistency in
USYV features across time, leveraging multiple large cohatrecorded from two strains,
and across ages/times. We nd that most features of pup USV sbw consistent patterns
within a recording session, but inconsistent patterns acres postnatal development.
This supports the conclusion that pup USV is most strongly imenced by “state’-like
variables. In contrast, adult USV call rate and call duratioshow higher consistency
across sessions and may re ect a stable “trait.” However, spctral features of adult song
such as the presence of pitch jumps do not show this level of cosistency, suggesting
that pitch modulation is more susceptible to factors affedhg the animal's state at the time
of recording. Overall, the utility of this work is three-fdl First, as variability necessarily
affects the sensitivity of the assay to detect experimentaberturbation, we hope the
information provided here will be used to help researcherslpn suf ciently powered
experiments, as well as prioritize speci ¢ ages to study USWehavior and to decide which
features to consider most strongly in analysis. Second, vithe mouseTube platform, we
have provided these hundreds of recordings and associated ata to serve as a shared
resource for other researchers interested in either benchark data for these strains or
in developing algorithms for studying features of mouse san Finally, we hope that this
work informs both interpretation of USV studies in models oflevelopmental disorder,
and helps to further research into understanding the neurgirocesses that contribute to
the production and predictability of USV behavior.

Keywords: mouse ultrasonic vocalization, mouseTube, state v s. trait, linear mixed models, mouse behavior, mouse
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1. INTRODUCTION and situations (e.g., being a generally anxious person) et al.,
2004; Spielberger, 201Borrowing these terms, individual-level
The ultrasonic vocalizations (USV) of young mouse pups irbehavioral expression patterns in USV might be due to any
response to maternal isolation has been studied for over vewumber of uncontrolled covariates that could mediate either
decades Sewell, 1970; Smith, 1976; Ehret, 1980; Elwood arstate-like or trait-like di erences in behavior. These inde
Keeling, 1982; Hahn et al., 1998; Hofer et al., 00Be ability  di erences in intra-uterine environments and maternal hibal
of isolation to elicit pup USV begins within days of birth and during pregnancy \(enerosi et al., 2009; Malkova et al., 2012;
shows a peak in early postnatal development followed by @olub et al., 201%6or maternal experience and quality of care
steady decline until 2 weeks of ageéa(in et al., 1998 These (feeding, licking, etc.)T(hornton et al., 200§ which might have
vocalizations function as a simple form of communication asstable, trait-like impacts. Additionally, extrinsic factosuch as
they stimulate search and retrieval behavior from da@sith, degree of handling during the assay and temperature of the
1976; D'Amato and Populin, 1987; Hahn and Lavooy, 2005assay chambeipfer et al., 2008 maternal behavior just prior
Because pup USV is easily elicited in the laboratdipfer to the assay, or physiological variables (hunger/satiegarth
et al., 200y and amenable to automated analysisoly and rate, breathing, etc.) may have a more immediate impact. Only
Guo, 2005; Burkett et al., 2015t has been assessed routinelya subset of these external factors can be reasonably mdasure
as an anxiety- and communication-related phenotype in modelduring the course of an experiment. For example, typical USV
of neurodevelopmental disordeB(anchi et al., 2001; Scattoni protocols call for controlling temperature using an incubator
et al.,, 200p A number of knockout mouse lines for autism a heating pad before recording, as well as minimizing handling
spectrum disorder §cattoni et al., 2008b; Dougherty et al.,(Hofer et al., 200 However, even if all such factors could be
2013; Yang et al., 20),5as well as for speech and languageontrolled, some aspects of USV may yet exhibit stochasticity
disorder risk genesHujita et al., 200Band stuttering Barnes  Such “randomness” in behavior is demonstrable even in simpler
et al., 201§ show changes to pup USV. These include eitheorganisms. IrC. eleganslthough the average response of worms
changes in the rate of USV production, or other spectral olis to move toward an attractive olfactory stimulus, indival
temporal features of vocalization. Although this behavier i worms deviate from the expected pattern. In this organisns thi
not human language, pup USV is a robust milestone of earljias been shown to be controlled by neural states, where speci
postnatal development, and isolation-induced infant vaction  neurons control apparent randomization of the output behavior
is a conserved behavior across mamméisli{t and Scott, (Gordus et al., 2095 In mice, integration of enviromental
1961; Ehret, 1980; Motomura et al., 2002; Shair, 2007; $toegeovariates and intrinsic neuronal states may dier between
Horwath et al., 200/ Thus, understanding the neurobiological time points and individuals, generating a variable amount of
mechanisms mediating de cits of pup USV in disease modelproduced USV.
may help elucidate some conserved biology underlying these Furthermore, USV is a data-rich behavioral response with
disorders of neurodevelopment. numerous features in the spectral and temporal domains of
Though production of USV is typically a robust behavioraudio. In particular, some features of USV may be highly
across a litter of animals, individual mouse pups show sultistan consistent within an animal relative to the population across
variability, ranging from 0 to several hundred calls in a tgli  days, showing a strong “trait’-like in uence on variabjlitOther
recording of wildtype C57BL/6J animals during the rst weekfeatures may be more consistent within a recording sessiain, b
of life. Although most studies of USV in neurodevelopmentaldisplay high levels of intra-individual variability acrosays,
disorder models focus on mean di erences between experinhentperhaps re ecting an individual mouse's acute “state” on amgive
and control groups, it is not often reported how variable thisday. Finally some features may yet remain unpredictable even
behavior is between and within subjects. While two mice of amwithin a recording session. These degrees of consistencinwith
inbred line are assumed to possess identical genetic baokgsp and between individuals may re ect di erential susceptibdi
this does not preclude a large degree of individual di erenceamong features of USV to genetic, environmental, and intcns
in behavioral expressiorChesler et al., 2002; McClearn, 2006 neuronal factors, leading some behaviors to show more etabl
Ramos, 2008 The relative degree of inter- and intra-individual “trait”-like in uences (high consistency across days) whilkers
variation provides an estimate of the consistency or predliits. ~ might show patterns of variation more consistent with “state’-
of USV. The utility of estimation of the consistency of belmavi like responses (low consistency across days). Importantiy; pr
and modeling intra-individual variation has been recogriz studies of features of pup USV have not considered the
in human clinical studies\(angeneugden et al., 2004uman  consistency of individuals, and determining whether a feaiag
psychology Kiroczek and Spiro, 2003; Ho man, 20))7and  more state- or trait-like may alter both interpretation of dings
ecology, but such variability is not typically reported indies of  in disease models and the search for neurobiological mediato
mouse USV, though it has been explored in the vocalizations aff pup USV.
other speciesgoncoraglio and Saino, 2008; Roulin et al., 2009  Thus, to address the concept of consistency in USV behavior,
In human personality theory, it has been useful to consider thwe have used mixed modeling statistical approaches. Linear
di erences between “trait” vs. “state” in uences on behavia mixed models (LMMs) have proven a powerful way to estimate
state is a transient condition that in uences behavior (gfgeling  behavioral consistency patterns by partitioning random aade
fear when seeing a snake), while a “trait” is a more stablechspe terms which describe the degree of inter- and intra-indieadl
personality that has a durable in uence on behavior acrasgti variability. In this study, we have employed the mixed model

Frontiers in Behavioral Neuroscience | www.frontiersintg 2 September 2016 | Volume 10 | Article 182


http://www.frontiersin.org/Behavioral_Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Behavioral_Neuroscience/archive

Rieger and Dougherty Intra-individual Variability in Mouse USV

intra-class correlation (ICC) coe cient \(angeneugden et al., and these data were pooled across genotype for the present
2004 also referred to as “repeatabilitifakagawa and Schielzeth, analysis. Nonetheless, for the follow-up time course sti@yS)
2010, 2013n order to understand consistency in features of USVlooking at vocalization every day postnatally between daywl3 a
across three independent discovery cohorts, totaling 2Bfests, 14, we used 13 wild-type C57BL/6J and 13 FVB/AntJ (Jackson
and across two strains: FVB/AntJ and C57BL/6J (“Pooled @oholLaboratory) from two litters each, of 8 and 5 respectively.
Study,” PCS). We analyzed call rate (calls per minute), splectr Animals were maintained in a barrier facility. Breeding cage
and temporal features of USV across three time points duringonsisted of a single male and a single female, and both parents
postnatal development after controlling for e ects of animalwere present during pregnancy, birth, and during the time of
strain, age, and relative size. We also analyzed these dsatuassay. Cages were maintained by our facility on a 12 : 12 hr
binned within recording session at each postnatal time paint i light:dark schedule with food and water supplied libidum
order to understand consistency within a session. In order t Adult mice were composed of 47 C57BL/6J males and 41
validate our ndings, we recorded additional litters of éastrain  females aged 7-11 weeks. Adult mice were originally planned
at high temporal density (postnatal days 3-14, “Time Coursé& determine the e ect of global knockout of the Celf6é gene on
Study,” TCS) as a replication study and to further probe theadult USV in male-female dyadic interactions. No Celf6 gepety
temporal dynamics of consistency. We found that despite clea ects were detected on any USV metric scored (Supplemental
group-level changes (due to age or strain) in both discovady a Figure 3), and data were pooled across genotype for the present
replication cohorts, features nevertheless varied in cbaiscy analysis.

across development, with some features, such as call rag, be

largely unpredictable from day to day for a given animal. With 2.2, USV Recording and Processing

session however, we found that most features of USV exhibitadsy Recording—Pups

signi cantly higher consistency on any given postnatal dayUltrasonic vocalization for Cohorts 1, 2, and 3 (PCS) was
Furthermore, some features that showed low consistency oveecorded on postnatal days 5, 7, and 9. For follow-up study);C
postnatal days, such as USV call rate, demonstrated a narra@cordings were performed every day postnatally from days 3
window of high consistency near the peak of USV behaviorthrough 14. All recordings were performed in the afternoon
Early postnatal development is a highly dynamic time periothetween 12:00 and 17:00. On rst day of recording, subjects
for pups. To explore whether features of USV exhibit moreyere each marked for identi cation immediately after rediorgy
stable behavior across measurements after animals haye fuby toe clip (PCS) or tattooing (TCS, Aramis Micro Tattoo Kit,
developed, we additionally looked at consistency in featureketchum). On following days, subjects were recorded in rando
of USV exhibited during adult male-female encounters. Ingrder and identifying marks were noted after recording,ngjo
contrast to pup USV, some features of adult USV showediith sex and weight. At the time of recording, a litter is segiad
dramatically higher consistency across test days, inetutiie  from its parents by placing the parents in a temporary cage. The
rate of ultrasonic calling and average call duration. Reingin entire home cage with litter undisturbed is placed in an inatdy
features, such as the fraction of calls containing insta@ta&is  and allowed to rest for 10 min. The pups' external temperature
jumps in pitch, did not show increased consistency. Thus, evhilis regularly monitored with an infrared temperature gun dagi

the amount of USV produced by an animal may acquire trait-likethermometer (HDE-BO1, HDE) and the incubator is maintained
stability later in life, other features remain dependent be state  such that external temperature remains between 31 an€34

of the animal, environmental context, or other in uences. If the external temperature deviates below G0the incubator
is adjusted until external temperature returns within range
2. METHODS order to minimize e ects of cooling the pups on USV. For
) recording a pup, the pup is moved with minimal handling into an
2.1. Animals anechoic, sound attenuating chamber (Med Associates Inc.) a

All protocols involving animals were approved by the Animalaudio is recorded for 3 min using a CM16 microphone (Avisoft
Studies Committee of Washington University in St. Louis.Bioacoustics), amplied and digitized using UltraSoundGate
Animals for pooled cohort study (PCS) consisted of 133JSG116H, using a gain of 1.4 dB, 250 kHz sampling rate, bit
C57BL/6J in Cohort 1 (18 litters of median size 8 animalsdepth of 16, using Avisoft RECORDER software.

ranging from 4 to 11 animals per litter), 105 C57BL/6J

in Cohort 2 (15 litters of median size 8 animals, ranging2.2.1. USV Recording—Adult M-F Dyads

from 2 to 9 animals per litter), and 47 FVB/AntJ (JacksonAdult male animals were generated from group-housed weaned
Laboratory strain FVB.129P2-Pde@){Tyr(c-ch)/AntJ, 004828) juveniles and were singly housed 24 h before test time. Females
in Cohort 3 (5 litters of median size 10, ranging from 6 to 12were maintained group-housed, between 4 and 5 animals per
animals). Animals in Cohorts 1 and 2 were originally plannedcage. The testing chamber consisted of an empty mouse cage (no
to determine the e ect of conditional knockout of the Celf6 bedding) placed inside an anechoic, sound attenuating cleamb
gene in dopaminergic or GABA-ergic neurons on USV, andthe same used for pup testing). Testing occurred during the
were generated by crossing CE¥6°% X Celf6®™™¥: DAT-  beginning of the animals' dark cycle (between 18:00 and020:0
Cre (Jackson Laboratory strain B6.SJL-SIEBa$9Bkmn/J) or  and proceeded as follows: (1) Habituation phase: males were
Celf6®X=9% X Celf6®*™!; VGAT-Cre (Jackson Laboratory strain placed in the test environment for 10 min with concurrent
Slc32ai2(c8lowl/ ) No Celfé genotype e ects were detectedrecording of USV as in the case of pup recordings. No USVs were
on any USV metric scored (See Supplemental Figures 1, )etected for males during the habituation phase. (2) Testghas
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A stranger female was added to the test environment and th2.2.4. Call Feature Extraction

dyad was recorded for 10 min. After testing, males were retdr After calls are detected, features for each call are ertlact
to single housing, and the test environment was cleaned withs follows. The dominant frequency (“pitch”) is determined
70% ethanol followed by 2% Nolvasan solution (Zoetis Int.) i for each 1.024 ms time bin in the spectrogram for each call
between each animal. The number of days between tests wag determining the FFT bin with maximum power (Powér
allowed to vary between 1 and 7 days, and the median numbenagnitudé). The median pitch is determined, as well as the total
of intervening days was 4. No signi cant e ect of the number of duration of each call. The presence of discontinuous jumps in
intervening days between test days on USV features was éétectpitch was determined as changes over time greater thaf
Each male was tested on 2 days, with a di erent female eadtHz. Calls can also contain harmonic frequencies; these wer
day. Pup and adult audio les were processed using the sammt analyzed. The inverse FFT was computed from each call's
computational pipeline. spectrogram to yield the noise- and frequency- ltered wawvefo

A smoothed waveform envelope was estimated by computing
a windowed RMS amplitude (512 samples, 50% overlap). The
eoeak RMS amplitude was extracted from this envelope and
power was computed as dB ref 1.0. The CM16 microphone
was not calibrated, thus dB SPL were not computed, but dB
are expressed with full-scale reference [nia® dB, dBD 10

2.2.2. White Noise Filtering in the Frequency Domain

An automated method was designed to lter noise and improv
automated call detection. A 10-s chunk is chosen at rand@mfr
each audio le. The fast Fourier transform (FFT) is performed
using 512 FFT bins corresponding @2 C1 D 257 audio _
frequencies ranging from 0 to 125 kHz, and 50% temporal overlal99o full scale amplitud® ].
corresponding to a temporal resolution of 0.5 233 D
1.02410 3s. A histogram of logy(FFT magnitude) is computed
for all magnitudes in FFT bins corresponding to frequencie

between 20 and 120 kHz. The main bulk of this histogram .
corresponds to the noise level in the spectrum which ighelme4package$ates etal., 20J4n R (Team, 201 tting

assumed to be Gaussian in distribution. The mean of the nois% random intercept model grouped by subject id. Models were

distribution is estimated to be the peak of this histogram and ftte:j usmpg s:raltn,l %ostnatzl day, alnd_ aménatl:]sm? asdxed ;jc
threshold is set at oiseC 2.5 where only spectral magnitudes actors. Fostnatal day and animal size both entered mocels a

greater than threshold are designated as signal. Thisbhglia continuous variables. Postnatal day was recentered at dayl 7

separates the baseline of the FFT magnitudes from signal pea gd for both linear and quadratic e ects in order to accoufr

for pup and adult calls. Such a threshold is determined fo% ﬁ_ |nbvehrte<_j UApa_ltterIn n development with al.”SZ’ pe_a!;,nand
each le individually, however thresholds varied littlerass all In behavior. Animay Size was z-Score normalized wewy

all les indicating a relatively constant background redig redspitect told?y at\r;jd strainas rz(ijw welghto:tself \t/?nets wgh @h'
environment [not shown]. The noise distribution was estiexd aautts, only test day was used as a xed € ect factor. SIgmoea

between 20 and 120 kHz since all sound outside of this range? main & eCFS and |nteract|9ns n thg data were computed by
band-pass Itered. likelihood ratio tests (analysis of deviance) on nested nwdél

increasing complexity using the anova() function in R.
Call rate (calls per minute) was transformed as the natural

.3. Statistical Analysis
nivariate LMMs for each feature of USV were computed using

2.2.3. Spectrogram Preparation and Band-Pass logarithm before modeling (Io§3==1). Other USV features
Filtering and Automated Call Detection were not transformed. We also tted call rate using a negative

Spectrogram preparation and automated call detection werginomial generalized linear mixed model (NB-GLMM). Fixed
performed in MATLAB using code adapted frokioly and Guo e ect coe cients between the LMM on log-transformed call
(2009. Briey, after determining a threshold for white noise, rate and the NB-GLMM on untransformed count data were
the entire FFT (512 bins, 50% overlap, time resolution 1.02&ighly similar (Pearson® D 0.99). The log-transformed model
ms, frequency resolution 488.2 Hz) is computed for each lewas used in order to compare mixed model parameters across
where magnitude< threshold is set to 0 and sound is band- all features of USV tted with the same algorithm. The ICC
passed Itered to reside within 20-120 kHz. All sour@0 kHz  coe cient was determined using the tted point estimates of
and > 120 kHz is also set to zero. Ultrasound calls are detecta@dndom intercept variance €) and residual error variance &)
using thresholds of 5 ms minimum duration, 0.15 minimum from the the LMMs as described in Results.
spectral purity, 1.0 maximum spectral discontinuity, with gaps In order to determine condence bounds for model
< 30ms between adjacent calls merged-tidy and Guo(2009,  parameters, we employed a parametric bootstrap procedure.
0.25 spectral purity was suggested as appropriate thresholdsing the point estimates of2 and 2 as starting points, thith
Empirically we have determined that 0.15 is more reliable andhootstrap sample y¥)were computed as:
results in fewer instances where spectrally impure parts of
longer calls lead to a call arti cially scored as two callfieA q__
automated call detection, random subsets of spectrografs (1 y b xO  Crnorm meanD 0;sdD 2
20% of all les) are inspected manually to ensure that aut@dat
scores overlap with human-distinguishable calls obseinede i d S

C rnorm meanD 0; sdD ¥
spectrogram.
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FIGURE 1 | The Intra-Class Correlation (ICC) de ned from alin  ear mixed model (LMM) re ects the level of behavioral consiste ncy of individual

animals across multiple measurements.  The ICC (upper right) is de ned as 2= 2C 2 , using mixed model random variance terms, and represents

consistency of behavior across multiple measurements, whe 2 is the random effect variance term and # is the error variance term from the LMM ( tting a random
intercept only, as a function of animal identityXA) Hypothetical scenario showing how the ICC re ects a consistenpattern. Left Panel: a response variable (e.g., rate
of ultrasonic calls per minute) is measured for the same sixémals(color coded x's) across conditions and time pointsMiddle Panel: After adjusting for expected
values E(y) (e.g., group means or regression predictionsrfeariables such as age or strain), random intercepts re ectiaaverage expectation for a particular animal's
position in the distribution of residuals. If measurementsra consistent, the variance of these intercepts (2) re ects most of the remaining variance in the data. Right
Panel: After adjusting for intercepts , residuals are squeezed toward zero. Thus, 2 2 and the ICC approaches 1.0.(B) Hypothetical scenario showing
inconsistent measurements. After adjusting for time pointr condition (Left Panel), residuals (Middle Panel) varconsistently from measurement to measurement for
a given animal, and average values across measurements (rdom intercepts) are close to zero, and 2 is small and re ects little of the remaining variance in the da.
After adjusting for random intercepts, the residuals are n&tly unchanged (Right Panel). Thus,? 2 and the ICC approaches 0. Thus, the ICC is a metric which
summarizes consistency of patterns of behavior across meagements. The ICC is a point estimate, but using a bootstrap mcedure we are able to assign con dence
intervals to the ICC.

where X is the ith row of the xed e ects design matrix To compute values of ICC within session, recordings were
and is the vector of xed e ects coe cients. ThusX® binned into 3  1-min bins and USV aggregate features (e.g.,
represents the expected value E(y) foritfieobservation, which average duration) were recomputed for each bin. LMMs were
is then perturbed by drawing a random intercept and error tted on each postnatal day using strain and bin number
from normal distributions [the R rnorm() function] with meas  as categorical variables, and z-score normalized weight as
of 0 and standard deviation as the square-root of the ttedpreviously. ICC values obtained from within session calooiet
LMM variance estimates. Each vectorrepresents a bootstrap were compared to ICC values compared from calculations across
sample dataset. The LMM was re- tted using eac¢hsample postnatal days using a non-parametric Wilcoxon rank-sum.test
dataset for 100,000 iterations. The 95% con dence bounds fo In order to explore consistency graphically across all USV
xed e ect coe cients, 2, 2, and the ICC were determined features (regardless of scakigures 3 4, 6), we computed

as the lower 2.5% and upper 97.5% quantiles of the bootstr&tudentized residuals. Residuals from the full model take in
distribution. This procedure is preferable to a strict resam@li account both xed and random e ects, and as such are not useful
with replacement of the original values of y, as it does natiltes for looking directly at consistency as any consistent patterns
in bootstrap sample datasets lacking factor levels anddetliree  expressed in the random intercepts have been removed. Thus, we
xed e ect correlation structure intact. computed a rst-level residual where a residifgik the result of

Frontiers in Behavioral Neuroscience | www.frontiersintg 5 September 2016 | Volume 10 | Article 182


http://www.frontiersin.org/Behavioral_Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Behavioral_Neuroscience/archive

Rieger and Dougherty Intra-individual Variability in Mouse USV
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(window length = 512, overlap = 50%) 120 = . o duration 108.5 msec
0.010 = peak RMS amplitude 0.0053 100 plumpsinpitch po i g Median pitch 96.7 kHz
1 \/(peak dBref 1.0 -45.5) » % T
0.005 ==t -
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FIGURE 2 | USV features under investigation include commonly mea  sured features from the time and frequency domain. Example image shows two pup

isolation-induced ultrasonic calls(A) Waveform: the time domain data for the noise- and frequencykered calls. A root mean squared (RMS) amplitude envelopesi
determined for each calls, and the peak power from this envepe (power D amplitudez) is determined and reported as dB ref 1.0. The average of thisieasurement
is determined over all calls, per recording, as well as the vibility in this measurement, reported as the standard deation divided by the mean (coef cient of
variation).(B) Spectogram: the frequency domain data for the noise- and frguency- Itered calls. The presence of a pitch jump is deternried by an instantaneous
change in the frequency of maximum power 10kHz, and the fraction of all calls containing at least 1 sutjump was computed. The median value of the pitch (kHz)
as well as the duration (ms) were determined, and both the avage over all calls by recording as well as the coef cients ofariation (sd/mean) representing the
variability in these measurements over all calls, were cored.

a data pointy() adjusting for the model's expected valig)®) vy (e.g., a feature of USV such as call duration), modeling xed
(not taking into account random e ects) as: e ects and a random intercept, we have a model of the form:

@ Dy Ey)© yWoxt ¢ Oed

Such a residual is represented in the middle panel oivhere ¥ is theith measurementX() is theith row of the
Figures 1A,Band has units that are the same as the unity.of design matrix of xed e ect covariateX, is the vector of
To normalize for units, a Studentized residual was computed a tted coe cients (e.g., slopes or contrasts between groupams),

@ O By () is theith random intercept (a function of subject identity),

) p D ) and @ is theith error. Both and are assumed to be

Q1 h® Q1 h® normally distributed random variables, which have means of 0

_ and variances described b)g and 2; and these variance terms

whereQ 1 h() s the estimate of the standard deviation atare tted as part of the likelihood-based modeling procediliiee

@). We took Qas the estimate of the model standard error befordntraclass correlation coe cient is de ned as:
partitioning variance: 2

q—~— ICCD ——
QD 2¢c 2 2c 2

and ranges between 0 and Eigure 1 illustrates how the
ICC measures the degree of consistency between subject
HDX XTX lXT measurements. If the response variaplés adjusted for its
expected value based on xed e ects as y-E(y), where BE(y)
(e.g., a group mean), the resulting data will be centered
around 0. In the simplest scenario, the random intercept will

andh® is theith diagonal entry from the hat matrii:

andh D diag(H). Thus,z() represents the linear modeling analog

toaz-score (e. gy( "0 *) and has units of standard deviation. represent the average of subject values after accountir(§or
If measurements are consistent, then respective individwall
3. RESULTS vary tightly around this interceptRigure 1A) after adjustment.
. If this is the case, very little variance between subjedisamain
3.1. Assessment of Consistency of USV after adjusting for these intercepts? 2, and the ICC will
Features across Early Postnatal approach 1.0. However, if individuals vary inconsistentherth
Development their intercepts after adjusting will be close to 0. In otherds

In order to examine consistency, we have employed the IC@ will be di cult to predict where, with respect to the group
coe cient de ned from the LMM. For a LMM of a response estimate, an individual will be encountered from measuretnen
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A Call Rate E Median Pitch
ICC =0.199 ICC = 0.432
[0.121, 0.276] [0.355, 0.507]
r=0258 25 r=0244 25

579 Post-natal day
Post-natal day z (day 5) z (day 7)
B Call Duration F Variability in Pitch
ICC = 0.400 ICC =0.135
[0.320, 0.477] [0.056, 0.216]
msec
100
—FH
50 i
=+
0
579 .
Post-natal day -2.5 -2.5 Post-natal day -25 -25
z (day 5) z (day 7) z (day 5) z (day 7)
¢ Pitch Jumps G Variability in Duration
ICC =0.268 ICC =0.179
[0.186, 0.349] [0.098, 0.261]
fraction r=0336 25
of all calls Semlln®

579 25
Post-natal day z (day 5)
D Peak Power H Variability in Peak Power
ICC = 0.291 ICC =0.182
[0.210, 0.372] [0.099, 0.263]
25 . _ oV 25

z(day 7) «;

Post=natal day Post-natal day 2 (day 5)
—— Cohort 1 (C57)
——— Cohort 2 (C57) r, Spearman’s rank z Studentized residual
—— Cohort 3 (FVB) correlation (units: standard deviation)
expected value
+95% c.i.

FIGURE 3 | Lack of Strong consistency across pup USV features i n Pooled Cohort Study (PCS). Each panel shows: (left) the value of the ICC with its
boostrapped 95% con dence interval, the data, with bee plotsof individual animals, and trend lines, color-coded by coha [blue, Cohort 1 (C57BL/6J,N D 133);
cyan, Cohort 2 (C57BL/6J,N D 105); red, Cohort 3 (FVB/AntIN D 47)]; showing expected values from the LMM [ xed effects onlyw D 0 (average weight)]
bootstrapped 95% con dence intervals on regression estimags (right) Studentized residuals (z) after adjusting for ®eeffects plotting day 5 vs. day 7, and day 7 vs.
day 9, and their respective Spearman rank correlation coefients. The ICC is a summary statistic for each USV feature's esistency, but note that Spearman rank

correlation coef cients are typically within or near the rage of the respective ICC's con dence bounds. (A) Call Rate (calls-min 1). LMM was tted on
(Continued)
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FIGURE 3 | Continued
log C%ﬂﬁgsl (abbreviated “log” on y-axis) with data (left panel) shownl@ngside linear scale values for ease of interpretation. LMk can tolerate missing data
points, and not all animals have data on all three time pointdue to pup death. Residual plots and associated correlatiorroef cients were only computed for animals
with data on all three time points:N D (1) 119, (2) 101, (3) 47(B) Call Duration (averaged over all calls, millisecondgC) Pitch Jumps (fraction of all calls)(D) Peak
Power (averaged over all calls , dB ref. 1.0JE) Median Pitch (averaged over all calls, kHz}F) Variability in Pitch(G) Variability in Duration(H) Variability in Peak
Power (F-H): [coef cient of variation (= ) over all calls]. Other than call ratéA), other features of USV(B—H) were only computed for animals possessing at least 10
calls [Day 5:N D (1) 114, (2) 90, (3) 47 | Day ™ D (1) 122, (2) 99, (3) 47 | Day ™ D (1) 116, (2) 98, (3) 46]. LMMs tted in R usindme4 with models in Wilkinson
notation as:feature cohort*w*d C d2) C  (%id)  where cohort is categorical,w is a z-score of the animals weight by cohort and day re ectingts relative

xed effects random effect
size, andd is postnatal day centered around day 7, tting both linear andjuadratic terms, and (1id) is a random intercept for each animal. Residual plots fqB—H)

had at least 10 calls and data for all time pointsN D (1) 98, (2) 80, (3) 46. Highest ICC was observed for call durati with ICC D 0.400 [0.320, 0.477], with rank
correlations of 0.475 on day 7 vs. day 5, and 0.396 on day 9 vs. dy 7, and median pitch ICCD 0.432 [0.355, 0.507], with correlations of 0.446 on day 7 vsday 5
and 0.417 on day 5 vs. day 9. Most features of USV have values bFICC near 0.3 or 0.2 indicating overall low levels of day-toaly consistency. Gray dotted lines show
correlation of 1.0 for comparison.

to measurementigure 1B) and the tted intercepts willdolittle an ICC of 0.20 (c.i. [0.12, 0.27]) indicating low consistency
to account for the remaining variance. In this scenarid, 2 over postnatal days, and Studentized residualshow rank
and the ICC will approach 0. Although the tted valuesofand  correlations of 0.26 (Day 5 vs. Day 7) and 0.24 (Day 7 vs.
2 derived from the mixed model are point estimates, using @ay 9) which are within the range of the ICC interval. In
bootstrap approach, we are able to assign con dence intetgals contrast, average call duratioRigure 3B) showed a marginally
these values, and thus the value of the ICC. higher ICC at 0.40 (c.i. [0.32, 0.48]) and residuals showed
Using the ICC, we sought to explore consistency across somank correlations of 0.48 and 0.40 for Days 5/7 and Days 7/9
of the most commonly estimated features of USV in the time andespectively. However, aside from call duration and mediachpit
frequency domainsKigure 2). In addition to the call production (Figure 3B, most features showed low consistencies with ICC
rate, we also looked at the fraction of calls with pitch jump4Q values and rank correlatiors0.3.
kHz), as well as the duration, median pitch, and peak power. To replicate these ndings and improve the temporal
Because animals dier in the number of calls they produceresolution of these data, we recorded animals from two ktter
duration, pitch, and power estimates were computed as eitherach of C57BL/6J and FVB/AntJ every day between postnatal
an average over all calls for each recording, or the vaitibil days 3—14 (TCS). Descriptive statistics for this group of afém
over all calls expressed as the coe cient of variation (s&nad is shown in Supplemental Table 2. Since most FVB/AntJ animals
deviation/mean). These features were selected based upan thdid not call beyond postnatal day 10, only 3—10 are considered
salience in previous studies of USV. Pup calls are distingbish for USV features other than call rate. These data are shown in
from adult USV (iu et al., 2008 and pitch and duration of Figure 4. Features of USV in the TCS largely recapitulated the
these calls elicit maternal neuronal response and searcivih overall low consistency exhibited by animals in the PCSwirsdr,
(Ehret and Haack, 1982; Ehret, 2001; Liu and Schreiner,)200day-by-day, rank correlations of residuals are shown asineas.
Using these call features as our dependent variables, the IQCC is an aggregate measure across all time points. Although
represents a summary statistic describing how consistemtly on the whole call rate shows low consistency, inspecting the
individual's place in the population varies across measurgmenheat mapsFigure 4A), one can observe an increase in pairwise
from time point to time point. It helps to address, for example,correlation near the peak of vocalization behavior [just befo
whether an animal producing the longest or loudest calls on dapostnatal day 5 for FVB/AntJ (Spearman's rank correlatign
5 is also producing the longest or loudest calls on day 7,ivelat days 4 and 3D 0.54, days 5 and D 0.63) and just after
to the rest of the population. postnatal day 7 (Spearman's rank correlatigndays 8 and 7
Thus, we rst analyzed a discovery cohort (PCS) gleane® 0.58, days 9 and ® 0.75) for C57BL/6J]. Thus, call rate
from 3 datasets, 2 from C57BL/6J animals and 1 from FVB/Antappears to show a trend toward increased stability at specic
animals. In our statistical model, we controlled for e ect o times. Interestingly, the pattern of correlation over timg i
strain (genetic e ects and shared environment), age (postnat di erent across other features of USV. Strong correlationtas t
day), and relative animal size (weight normalized by straid a median pitch Figure 4E) for C57BL/6J appears to be restricted
postnatal day). We also considered other factors such as sexan early time window (days 3-4), which degrades later in
and litter size, however exploratory preliminary analysisiid ~ development, while FVB/AntJ shows this stronger corretatio
determine statistically signi cant e ects for these facd@nd they for a wider time window (days 3—7). Both strains show similar
were excluded from the model [not shown]. Descriptive statss increased consistency in peak power later in development
for call features between groups and across days in the PCS éaéter postnatal day 7). Thus, features of USV, while on the
shown in Supplemental Table 1. whole inconsistent across developmental time, show winduws
Examining the consistency of these eight features, we fourstability which depend on the feature and the strain.
that each generally showed low consistency across days for aThe values of ICC are tabulated for the PCS and TCS in
given animal Figure 3). Speci cally, the most widely assessedlable 1 The point estimates of ICC for each USV feature
variable in studies of pup USV, call rat€igure 3A), showed between the PCS and TCS are replicable (PeardenB
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FIGURE 4 | Lack of strong consistency across pup USV features i n Time Course Study (TCS). Univariate linear mixed models (LMMs), ICC values, and

residuals, and associated correlation coef cients were computed for data from 2 litters each of C57BL/6J N D 8 & 5) and FVB/AntJ Nl D 8 & 5) as inFigure 2,
measured each day postnatally between days 3-14. Each panahows: (left) value of the ICC, data, with expected valuesv(D 0, average weight) and 95%

con dence intervals above beeplots and trendlines as irFigure 2, (right) pairwise day-by-day Spearman correlation of Stughtized residuals after adjusting for xed
effects, as inFigure 2, displayed as heat maps (range: bluegs D 1.0, red rs D 1.0). (A) Call rate. Data were transformed asog C%lfr?ﬁecsl (abbreviated “log” on
y-axis) as inFigure 3, with linear scale values shown for ease of interpretatiomNote that modeling day as both linear and quadratic terms alvs for prediction of the
characteristic rise and fall in call rate observed throughe rst 2 weeks of life. Overall ICC is low and within range of PCACCD 0.175 [0.041, 0.272]), however
heatmaps reveal a density of stronger correlation near theespective peak for each strain. Beyond day 10, most FVB/AntJ@gimals did not exhibit>10 calls per
sonogram, so graphs in B-H, and all correlation heat maps oglshow data between days 3-10.(B) Call Duration.(C) Pitch Jumps. (D) Peak Power. (E) Median Pitch.
(F) Variability in Pitch(G) Variability in Duration(H) Variability in Peak Power. Heatmaps showing residual Speasan cross-correlation for(B—H) had at least 10 calls
and data for all time points,N D 9 (C57BL/6J), 13 (FVB/AntJ). As in the PCS~gure 2), call duration(B) shows the highest ICC 0.542 [ 0.317, 0.663 ] with higher
levels of correlation day to day across all days. Median pitcdid not reproduce the result inFigure 2 when all days were taken into account though slightly overfs
the con dence interval: ICC = 0.261 [0.085, 0.380]. Note both drains show an in ection in their correlations for fraction bcalls with pitch jumps near day 5-6 for
FVB/AntJ and day 4-5 for C57BL/6J which may indicate that sométing around this time is important for the development of tisikind of call.
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p = 0.0011*
p = 1.6x104*

0— pcs TS PCS TES

ICC Computed ICC Computed
Across Post-Natal Within Session
Days (Averaged Across Days)

FIGURE 5 | USV features show higher consistency within within

sessions than between sessions.  ICCs were recomputed within session on
each postnatal day, using 1 min bins through the recordings3for each
recording) as the repeated measure instead of postnatal dayn both the PCS
and the TCS. Univariate LMMs were tted using the model

feature bin *strain *w where w is day/strain z-score of animal's weight as
previously. Data are shown for (left) ICC values for all 8 US&afures computed
across postnatal days (seeFigures 2, 3) and (right) computed within session.
Overlaid on data points are box plots. Horizontal line repeents the median,
and box represents lower and upper quartiles (25% (Q1)and P& (Q3)), with
whiskers extending to most extreme datapoints not exceedig 1.5 the
interquartile range. Signi cant differences in ICC were detged for within
session vs. between days (Mann Whitnep D 1.6 10 4, TCSp D 0.0011)
with the median ICC being 2.8-fold higher within session thaacross days for
the PCS, and 3.3-fold higher in the TCS. Fold increases in IC@ the PCS and
TCS %%1 were largely reproducible: call rate 3.3-fold (PCS), 3.5fd
(TCS), call duration 1.8-fold (PCS), 1.5-fold (TCS), pitghmps 2.6-fold (PCS &
TCS), median pitch 1.7-fold (PCS), 2.7-fold (TCS), peak pasv 2.3-fold (PCS),
3.4-fold (TCS) variability in pitch 4.4-fold (PCS), 4.6-fd (TCS), variability in
peak power 2.8-fold (PCS), 2.7-fold (TCS), though varialty in duration was
less reproducible (2.8-fold in the PCS, and ve-fold in the TS). Linear
correlation in fold change between PCS and TCS wa® D 0.68, and 0.83 if
variability in duration is omitted. We also did not detect aigni cant difference
in the magnitude of ICC values between PCS and TCS either withsession or
across days (ICC across postnatal days, PCS vs. TCS, Mann Whity

p D 0.4418; ICC within session, averaged across days, PCS vs. TCBlann
Whitneyp D 0.96). Thus, the ICC and changes to the ICC when computed
within recording session vs. across development appear to & robust
calculations for these USV features, despite the fact thahe PCS and TCS
differ widely in the number of individual animals, the numbef time points.

3.2. Consistency of USV Features within

Recording Sessions

The relatively low consistency observed in the precedinticsec
over developmental time could arise because USV is highly
susceptible to uncontrolled intrinsic or environmental esiates,
present at the time of experimentation, which perturb each
individual animal's response for the duration of the recaorgli
Alternatively, low consistency could be due to the inherent
noisiness of features of USV. If the latter were the case, we
hypothesized that, even within a recording session, we would
nd that USV features were inconsistent across the course@f th
session. If so, ICC computed across a recording sessiondshoul
be similar to ICC computed across development. If, however,
consistency of USV features were higher within a recording
session compared to across sessions, then we hypotheseadnst
that USV itself is not inherently noisy, but rather re ects
perturbation of the pup's state at the time of recording by some
unmeasured developmental or environmental variable.

To address this question, we computed the ICC in the PCS
and TCS on each postnatal day within recordings, where regeate
measures consisted of 1 min bins through the 3 min recording.
In addition to the xed eects of strain and size modeled
previously, we also controlled for the e ect of bin, as the pup's
temperature may change through the course of the recording,
and temperature has been shown to have an e ect on aspects of
USV (Okon, 1970; Branchi et al., 200TThe estimates of ICC
computed across bins by day in the PCS are showTaiole 2
and for the TCS inTable 3 ICC values are as much as three-
fold higher when computed across bins than when computed
across developmental time, and these results are summarized
in Figure 5 (TCS-Within Session vs. TCS across days Mann
Whitney p D 0.0011, PCS-Within Session vs. PCS across days
pD 1.6 10 4).ICC values computed within bins and averaged
across days for each study are tabulatedable 4 Again, the
results are strongly reproducible (PearsoRsD 0.95 ,p D
3.1 10 %) across studies.

Thus, these data support the hypothesis that most features of
USV are not inherently inconsistent, but instead inconsistesci
across development may arise from unknown variables a ecting
the animal's state at the time of recording. Examining resstubm
both PCS and TCS indicate our estimates of ICC both between
and within sessions are robust to relatively large di erences
in experimental design, such as the number of time points
considered and sample size.

0.77,p D 0.025, note largely overlapping con dence intervals

for most variables), although some features such as median . .

pitch did not replicate well as indicated by poorly overlapping3-3- Consistency of Features of USV in

con dence intervals. Considering results from both datase Adult Male—Female C57BL/6J Dyads

after predicting an animal's response using xed e ects, wherén the preceding sections, we have shown that there is overall

in the distribution the animal will lie above or below this consistency across the features of USV examined in mouse pups
estimate is not strongly consistent from day to day. Howgveiacross recording sessions, yet that consistency is highnaéthi
although overall consistency is low for features of USV, theecording session. We next examined whether adult male USV
actual estimates of the ICC values are reproducible acrosgs also primarily “state” dependent or “trait” dependent. We

studies, describing a seemingly robust property of theserfest

measured USV from 47 adult male animals on two test days

This is remarkable, considering that the PCS and TCS di ewith a di erent unfamiliar female on each day, made up entjrel

markedly in terms of their size, composition, and number oféi

points.

of C57BL/6J animals. This dataset di ers in a few fundamental
ways: (1) the stimulus is the presentation of an adult female
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TABLE 1 | Values of the ICC and Con dence Intervals Computed in the PCS and TCS.

Feature PCS TCS

Estimate Lower 95% Upper 95% Estimate Lower 95% Upper 95%
Log call rate 0.199 0.121 0.276 0.175 0.041 0.272
Duration 0.400 0.320 0.477 0.542 0.317 0.663
Calls with pitch jumps 0.268 0.186 0.349 0.300 0.112 0.424
Median pitch 0.432 0.355 0.507 0.261 0.085 0.380
Peak power 0.291 0.210 0.372 0.206 0.050 0.317
Variability in duration 0.179 0.099 0.261 0.087 0 0.168
Variability in pitch 0.135 0.056 0.216 0.112 0 0.201
Variability in peak power 0.182 0.099 0.263 0.138 0.009 0.232

95% con dence intervals computed from paramateric bootstrap (ND 1 10°) on linear mixed model parameters (see Section Methods).

female (Neunuebel et al., 20J.5We make no strong claims
that our data represent something unique to male behavior.
Finally, the number of measurements diers importantly in
Feature Day  Estimate  Lower 95% Upper 95% that for pups each time point represents potentially a di erent
developmental stage, while for the adults time points are at

TABLE 2 | Values of the ICC and Con dence Intervals Computed in the
PCS across minute bins.

Log call rate 5 0.614 0.551 0.668 . . . .
0.673 0.617 0.722 the same developmental stage. Linear modeling in either, case
0.675 0.617 0.724 however (either modeling post natal day or adult test day as a
xed e ect), allows for the e ect of postnatal age or test session
Duration 5 0.696 0.632 0.754 to be regressed before assessing consistency. Consistetfcy itse
0.725 0.671 0.771 (the ICC) is thus still comparable as it resides on the samke sca
0.748 0.697 0.792 representing the ratio of variance amongst individualseieepts
to the combined variance of random e ects and error. For our
Calls with pitch jumps 5 0.729 0.671 0.781 adult recordings, as there are only two time points, the ICC
7 0.652 0.588 0.708 values will be expected to be near the simple pairwise correlation
9 0.687 0.627 0.739 across test days. Pups during development are changing in a
Median pitch s 0.690 0.625 0.748 rapidly dynamic fashior_l, which we do_ not discoun_t. H_owever,
; 0712 0.656 0.761 because the interpretation of the ICC is the same in eithee cas
9 0777 0731 0.816 (consistent or inconsistent), we believed the comparisowbeh
9 0.700 0.642 0.751 the datasets serves to identify which features of USV maijlig&b
later in life, and which may remain dynamic.
Peak power 5 0.619 0.544 0.688 Dramatically the ICC for adult call rateF{gure 6, Table 5
7 0.703 0.646 0.753 was much higher than that observed in pups, and even higher
0.700 0.642 0.751 than the value obtained within pup sessions (I@©C0.87, c.i.
[0.78, 0.93]), which is also re ected in the rank correlatio
Variability in duration ° 0-559 0-476 0-636 (rs D 0.86). Call duration showed values of ICC which were
0-501 0.422 0.574 similar to that obtained within session for pups (ICQ 0.77,
0.441 0.357 0-519 c.i. [0.60, 0.87]rs D 0.73). However, with the exception of
Variability in pitch 5 0.649 0578 0714 log call rate, other features of USV, such as the median pitch,
0524 0.447 0.594 peak power, and fraction of calls with pitch jumps, showed ICC
0.595 0.524 0.659 values and rank correlations in the range of those obtairced f
pups. This may indicate that features such as call rate and call
Variability in peak power 5 0.427 0.331 0.517 duration approach trait-like stability in adult animals, hovesv
0.480 0.399 0.554 other features of USV still depend on the state of the animal
0.610 0.541 0.672 and its environment. Descriptive statistics for our adultalare

95% con dence intervals computed from paramateric bootstrap (ND 1 10°) on linear presented in Supplemental Table 3.

mixed model parameters (see Section Methods).

4. DISCUSSION

mouse to the male, rather than isolation of pups from the dam,

(2) the recordings are dyadic. Although historically it Hasen  In this investigation, we have examined datasets genenatsaar
suggested that in such a paradigm only the male is vocalizirigboratory in order to understand the extent to which feadsiof
(Warburton et al., 198Q recently it has been shown that an vocalization show consistent inter- and intra-individyzdtterns
appreciable number of vocalizations can be attributed to th@cross measurements. In young pups, we have found, in general,
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TABLE 3 | Values of the ICC and Con dence Intervals Computed in the

TCS across minute bins.

Features Day Estimate  Lower 95% Upper 95%
Log call rate 3 0.571 0.299 0.750
4 0.441 0.150 0.656
5 0.563 0.291 0.745
6 0.452 0.163 0.666
7 0.791 0.605 0.887
8 0.497 0.213 0.698
9 0.816 0.648 0.902
10 0.783 0.594 0.883
Duration 3 0.860 0.695 0.938
4 0.784 0.570 0.897
5 0.851 0.686 0.935
6 0.863 0.725 0.934
7 0.714 0.482 0.846
8 0.905 0.806 0.955
9 0.867 0.737 0.931
10 0.776 0.574 0.886
Calls with pitch jumps 3 0.793 0.572 0.906
4 0.782 0.565 0.897
5 0.779 0.552 0.900
6 0.773 0.566 0.887
7 0.795 0.607 0.893
8 0.821 0.651 0.911
9 0.790 0.606 0.888
10 0.832 0.669 0.917
Median pitch 3 0.696 0.406 0.857
4 0.736 0.490 0.873
5 0.507 0.152 0.750
6 0.731 0.499 0.864
7 0.809 0.629 0.901
8 0.671 0.412 0.828
9 0.800 0.622 0.894
10 0.738 0.513 0.864
Peak power 3 0.862 0.696 0.939
4 0.738 0.492 0.874
5 0.630 0.311 0.823
6 0.439 0.114 0.680
7 0.721 0.492 0.851
8 0.804 0.623 0.902
9 0.817 0.650 0.903
10 0.588 0.301 0.774
Variability in duration 3 0.585 0.251 0.794
4 0.000 0.000 0.313
5 0.650 0.343 0.833
6 0.651 0.381 0.817
7 0.267 0.000 0.530
8 0.887 0.772 0.946
(Continued)

TABLE 3 | Continued

Features Day Estimate Lower 95% Upper 95%
9 0.161 0.000 0.420
10 0.271 0.000 0.545

Variability in pitch 3 0.831 0.639 0.924
4 0.339 0.000 0.623
5 0.379 0.010 0.667
6 0.759 0.545 0.880
7 0.102 0.000 0.375
8 0.065 0.000 0.355
9 0.257 0.000 0.509
10 0.265 0.000 0.537

Variability in peak power 3 0.394 0.023 0.673
4 0.433 0.086 0.689
5 0.364 0.000 0.655
6 0.402 0.077 0.652
7 0.511 0.216 0.717
8 0.743 0.521 0.870
9 0.581 0.307 0.758
10 0.652 0.387 0.815

95% con dence intervals computed from paramateric bootstrap (N\D 1 10°) on linear
mixed model parameters (see Section Methods).

TABLE 4 | ICC in the PCS and TCS across Minute Bins: Averages an d
Standard Deviations.

Feature PCS TCS
Average S.D. Average S.D.

Log call rate 0.654 0.035 0.614 0.158
Duration 0.723 0.026 0.827 0.063
Calls with pitch jumps 0.689 0.039 0.796 0.021
Median pitch 0.726 0.045 0.711 0.094
Peak power 0.674 0.048 0.700 0.141
Variability in duration 0.501 0.059 0.434 0.302
Variability in pitch 0.589 0.063 0.510 0.137
Variability in peak power 0.506 0.094 0.375 0.281

that across development most features of USV such as the
call rate do not show consistent patterns across an indivislual
measurements, though some such as call duration show a large
degree of consistency. The estimates of consistency in our pup
data were largely reproduced when examined in a replication
cohort which increased the number of time points across
development sampled. When looking within a session, pups
across development show a much higher degree of consistency
for most features examined. Thus, we hypothesize that the
expression of pup USV, although clearly under the in uence of
population e ects such as strain or age, is highly state dependent
Therefore, we conclude that while the population average may
rise or fall due to strain or age, the relative ranks of the pups
in the distribution must be in uenced by other unmeasured
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aspects of the animal's state. It could be that some of thisABLE 5| Spearman's Correlation and ICC computed for adult C57B  L/6J
in uence derives from the litter to which the animal pertains data-
however we have also estimated ICC at the level of litter ang. e

rs ICC  Lower 95% Upper 95%
have not found any increased explanation of remaining varéan

upon inclusion of this hierarchy (not shown). As phenotypic Log call rate 0.86 0.87 0.78 0.93
expression in an individual's behavior is a complex integrattd  Duration 073 077 0.60 0.87
its state, and genetic and environmental factétsifnann, 2003,  calls with pitch jumps 020 024 0 0.53
a lack of consistency is not entirely surprising. Wild specfésm  Median pitch 039 024 0 0.52
display behavioral plasticity in the form of inconsistentividual  peak power 0.47 047 0.18 0.69
behavior over time, yet show consistent trends at the groupariability in duration 034 0.39 0.08 0.64
level (ee and Bereijikian, 20).7The study of trait consistency variability in pitch 0.14 0 0 0.33
over time amongst individuals has also been appreciated Wariability in peak power 042 0.50 0.21 0.71

the domain of human psychologyrpberts and DelVecchio,
2000 and ecology Be” et a|_’ 20@9 but rarely in Iaboratory gs%con dence intervals computeq from paramateric bootstrap (ND 1 10°) on linear
. . . mixed model parameters (see Section Methods).
animals. In our mice, however, we did observe that there was a
increase in intra-animal consistency near each straispeetive
peak of vocalization behavior at least with respect to rate afhich will reveal the potential neurological correlates ofrvho
calling. These time points may represent preferable windows tihese features are encoded. This very fundamental di erémce
look for e ects due to experimental manipulation as individual the source of variability between pup USV and adult USV may
animals are performing more predictably from measurement texplain why so few disease models show a consistent carry-over
measurement. By contrast, in our adult dataset, consigtémc from pup to adult USV changes. Reviewing just the literature on
call rate was dramatically higher than for pups, while pitclatetl  call rate in autism models in particular, 35 of 41 studies have
features continued to show low consistency. While adultd anshown alterations in pups behavior which typically manifesta a
pups are in di erent stages of life and react to their environrhen decrease in call rate. However, of the models where aduétbeh
di erently, there appears to be a similarity that pitch featusds was assayed, only 2 showed carry-over of pup USV phenotype
USV continue to show dynamic modulation even where otheiinto some kind of adult USV phenotypé/chetti, 2012; Roullet
features such as call rate show increased consistency.udgwe et al., 2018 Thus, whatever the mechanisms are that mediate the
as described in Section Methods and Supplemental Figure 3, oalterations in pup USV, these largely do not carry over to cad ra
adult data were pooled from a study examining changes to USW male-female song.
in adults after global knockout of the Celf6 gene, in whichdide In the current study, we have not subcategorized calls into
not detect signi cant genotype e ects. Future cohorts of aals)  call types based upon spectral and temporal properties. We
with an increased number of test days, should be examined teave avoided this approach as there is no standard method for
discern the reproducibility of any trait stability in callteaor call classi cation. Some methods, such as a method employed
other features. The level of intra-individual variabilépd overall  to study mice with a humanized Foxp2 genén@rd et al.,
reaction to changes in the external environment has beewsho 2009, classify by length of call and presence of instantaneous
in adult mice to be explainable to some degree by their level glimps in pitch, while others use jumps exclusively based upon
subordinance/dominance and aggressivenBssi(is et al., 1987 their number and directioniioly and Guo, 2005; Arriaga et al.,
and more recently, rate of calling in adult males has beesatly 2012. Another commonly employed method involves manual
correlated to measures of dominance and social hierarchy igorting of calls into categories based upon spectral shape
tasks such as the tube test, and manipulation of the prefrontgScattoni et al., 200%awhich integrates information about
cortex is able to alter the hierarchical rank order amongrtiiee  pitch, the presence of jumps, harmonics, duration, and slope.
and concomittantly their rates of ultrasonic calling/éng et al., Yet another method uses an unbiased classi cation scheme
201). In our study, males were socially isolated from their cag¢Burkett et al., 2015 It is not clear the extent to which these
hierarchies for 24 h before test day #1 and up to a week befouk erent classi cation schemes represent biologically velet
test day #2, though this may not be su cient time to perturb categories. It has been well-documented that the frequancy
the established dominance rank order in these males. Farfess  frequency modulation of the pitch in rat USV is associated
showing poorer consistency (pitch related features) betvtesin  with positive and negative emotionality<(utson et al., 1998,
days, our results may be somewhat confounded by not fullg00) and rats will even self-administer or exhibit avoidance
knowing the animal originating the calls (male or femala)da of the respective category of call8ufgdorf et al., 2003
the fact that the female's estrous state was uncontroliedlas  While mice emit USV during ostensibly rewarding circumstances
been claimed that males can pitch modulate their song duedo thsuch as mating or juvenile play, it is not clear that individual
presence of an alleged competitor mafer(aga et al., 20021t  categories of calls based on any available scheme areassdoci
is attractive to hypothesize that perhaps the state of the f®emalvith either reward or aversion, although it has been shown
or her contribution to the dyadic song somehow in uencesthat mice can distinguish between calls of di erent categsri
the pitch characteristics, and may explain why there are poorgiNeilans et al., 20)4However, all categorization schemes, either
correlations for these features in our study. It will be isting  explicitly or implicitly, incorporate some aspect of the presence
to observe what other genetic or pharmacological maniputetio of pitch jumps in classi cation, and we have examined this
are able to change the USV trait consistency of adult micdeature, which has been shown to exhibit salience in lisigni
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FIGURE 6 | Stronger consistency in some adult USV features acro  ss sessions. ICC and Spearman correlations computed for adult C57BL/6J M-Flyads
across 8 features of USV. ICC and rank correlations were compad for 47 male-female pairs between 7 and 11 weeks of age, in fich 47 group-housed males were
tested two different days with a unique female each time. LMBIwere tted only using test day as a xed effect factor:feature testday C (1jid). (Note: with only two
time points, we expect the correlation coef cients to be veryclose to the estimates of the ICC). Studentized residualz)between test days are shown for(A) call rate
with LMM tted for log Cr%‘l‘rrﬁgsl , (B) call duration, (C) pitch jumps, (D) peak power, (E) median pitch, (F) variability in pitch,(G) variability in duration, andH)
variability in peak power. Call rate exhibited a much higheonsistency (ICCD 0.870, [0.778, 0.925], rs D0.86) than observed for any pairwise day comparison in pup|
data in Figures 2, 3. Call duration also showed higher consistency (ICO 0.77, [0.599, 0.875], rs D 0.732). However, note other features of USV showed values of
ICC and corresponding correlation coef cients which are in tke range of those observed for pups across early postnatal deelopment. Thus, most features of USV
appear to remain relatively inconsistent from measuremend measurement, although in these data, the adult call rate &all duration appear to be stable features and
exhibit trait-like behavior. Gray dotted lines show corration of 1.0 for comparison.

animals (iu and Schreiner, 2007; Portfors et al., 200k  optimization, we have provided all of our recordings via the
neither our pup nor adult datasets did we see high degreamouseTube online database (https://mousetube.pasteurderun
of consistency in the fraction of calls containing pitch jumps user Michael Rieger). We include raw audio les through this
However, it will be interesting to see whether a pup or arplatform along with associated metadata, so that reseaschay
adult's repertoire, as categorized by one of the above schemése this resource to address questions such as the statfility
or some other, has the properties of a stable trait acrossategorical assemblies of call types. Future work remaiasgess
individuals, or whether it too is highly a ected by an aningal' the relative utility of di erent categorization schemes atfeir
state. Some categorization schemes may turn out to be mol®ological relevance.

consistent over multiple measurements than others, and this

may be a useful criterion to determine which classi cation5 CONCLUSION

scheme may be measuring a stable biological feature. To

enable these and other analyses that would benet from thén summary, we present an examination of the consistency
availability of a standardized dataset for algorithm tegtand of patterns of USV expression among developing and adult
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