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1 https://medlineplus.gov/genetics/condition/foxp2-related-speech-and-language-disorder/
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Mouse Vocalization Experiments

▶ FoxP2 gene is found in similar form in mice
▶ Adult mice ‘sing’ ultrasonic sounds to communicate

▶ 4 types of syllables: {d , s,m, u}
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FoxP2 Data Set

▶ 18 mice, 49 songs, 70818 rows
▶ Covariate 1: genotype

– FoxP2: 10 with the FoxP2 mutation
– Wildtype: 8 without the FoxP2 mutation

▶ Covariate 2: social context
– U: fresh female mouse urine placed in the cage
– L: awake female mouse placed in the cage
– A: anesthetized female mouse placed on the cage

ID Genotype Context Syllable Inter-Syllable Intervals (ISI)
1 F A s 0.082
1 F A s 0.017
...

...
...

...
...

18 W L s 1.546
18 W L d 0.712
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Analyzing the FoxP2 Data Set

▶ Goal: investigate the influence of the FoxP2 mutation &
social context by analyzing syllable transition dynamics

▶ Past analyses

Holy and Guo (2005) first Markov model on
syllable transitions

Chabout et al. (2015, 2016)
statistical tests for local and
global syntax difference across
genotypes and contexts

Sarkar et al. (2018)

models inter-syllable intervals (ISI)
as an artificial syllable (x ) and built
a model for 5 states {d ,m, s, u, x}
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Properly Modeling ISI is Necessary

▶ ISI is an indicator of vocal impairment
– Longer ISIs =⇒ difficulties in pronouncing syllables

▶ ISI as an artificial syllable (x ) results in loss of information

– Syllable transitions will be dominated by x → x

– Interferes with the inference of regular syllables
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Bayesian Markov Renewal Mixed Model (BMRMM)

State transitions and ISIs are modeled separately.
1. State transitions with state space {d ,m, s, u}

– Dirichlet distributions
2. Inter-syllable interval lengths

– Mixture gamma distributions with K components

10 Y. Wu and others

syllables. In order to obtain a more accurate inference of the data set, it is important to treat the

ISIs di↵erently from the four original syllables and model them properly as a continuous variable.

Our proposed approach addresses these concerns. We model the ISIs separately instead of

treating it ad-hocly as the ‘silence’ syllable. In this way, the ISIs can be used as evidence for

vocal impairment aside from the transitions of the four syllables. Moreover, we allow both the

transition probabilities and the mixture probabilities for the ISIs to be governed by a convex

combination of population level fixed e↵ects and individual level random e↵ects.

3. Markov Renewal Mixed Models

In this section, we detail our model for mouse vocalization syntax. Consider a sequence s of

Ts syllables. ys,t denotes the syllable at time t for sequence s, and is one of Y = {d, m, s, u} =

{1, 2, 3, 4}. The collection of syllables is denoted by {ys,t}s0,Ts

s=1,t=1 where s0 is the total number

of sequences. Within a sequence s, we have Ts � 1 inter-syllable interval (ISI) times, denoted by

{⌧s,t}s0,Ts�1
s=1,t=1, where ⌧s,t represents the interval time between the tth and (t + 1)th syllable for

sequence s. Each sequence s is generated under two exogenous factors – genotype xs,1 2 X1 =

{F, W} = {1, 2}, and social context xs,2 2 X2 = {U, L, A} = {1, 2, 3}, as described in Section 2.

With some abuse, we use the same notation to denote the variables as well as their specific values,

greatly simplifying the exposition. Table 4 provides a complete list of variables used in our model

detailed below.

is xs,1 . . . xs,p ys,1 ys,2 ys,t

⌧s,1 ⌧s,2 ⌧s,t�1 ⌧s,t
ys,t

⌧s,Ts�1
ys,Ts

Fig. 3: Graphical model showing the data structures: ys,t denotes the observed state at the tth

time location in the sth sequence and ⌧s,t denotes the observed ISIs between the states ys,t and
ys,t+1; each sequence s is also associated with an individual is and a set of exogenous time-
invariant covariates xs,1, . . . , xs,p. The Markov renewal mixed model considered in this article
analyzes the state transitions ys,t and the ISI lengths ⌧s,t, accommodating fixed e↵ects of the
covariates xs,1, . . . , xs,p and random e↵ects of the individuals is.
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Mixed Effects Mixture Probabilities for ISI

ISI follows a mixture gamma distribution with K components.

▶ Mouse i with genotype x1, context x2, prev. syllable yt−1

▶ The probability of being in the k-th component is

P
(i)
isi ,x1,x2,yt−1

(k) = π
(i)
isi ,0(k) · λisi ,x1,x2,yt−1(k)

+ π
(i)
isi ,1(k) · λ

(i)
isi (k).

▶ Population-level effect is determined by x1, x2 and yt−1

▶ Individual-level effect is determined by i
▶ π

(i)
isi ,0(k) + π

(i)
isi ,1(k) = 1
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Cluster Inducing Mechanism for Covariates

▶ Different levels of a covariate may have similar effects
▶ Levels with same effect should be clustered together

– Help identify the significant covariates
– Null hypothesis: 1 cluster for all levels of a covariate

▶ The mixture probability now depends on clustering,
instead of covariate levels:

P
(i)
isi ,x1,x2,yt−1

(k) ⇒ P
(i)
isi ,g1,g2,g3

(k),

where g1, g2, g3 are cluster indices.
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Inferences for Transition Probabilities

▶ Mouse i with genotype x1 under context x2

▶ The transition probability from syllable yt−1 to yt is

P
(i)
trans,x1,x2(yt | yt−1)

▶ Similarly, the transition probability is a convex combination
of the population- and individual-level effect

▶ Similar covariate levels are again clustered

P
(i)
trans,x1,x2(yt | yt−1) =⇒

P
(i)
trans,h1,h2

(yt | yt−1) = π
(i)
trans,0(yt−1) · λtrans,h1,h2(yt | yt−1)

+ π
(i)
trans,1(yt−1) · λ(i)

trans(yt | yt−1)
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Results – Global Tests

▶ All covariates are significant for ISIs
▶ The effect of the FoxP2 mutation on transition probabilities

is weaker, in contrast to previous analyses
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Results – Fitting of ISI

▶ The estimated posterior distribution fits ISI well
▶ Components 3 represents larger values of ISI
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Results – Mixture Probabilities by Covariate

▶ Recall: Components 3 represents larger values of ISI
▶ Mice with the mutation (F ) have a significant higher

mixture probability in Component 3
▶ Mice under context L seem to have shorter ISI

Component 1 0.09 0.11
Component 2 0.4 0.42
Component 3 0.21 0.11
Component 4 0.3 0.36

F W

0.06 0.17 0.06
0.44 0.3 0.48
0.2 0.12 0.17
0.29 0.41 0.29
U L A
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Conclusions

Bayesian Markov Renewal Mixed Model (BMRMM)
▶ BMRMM is suitable to analyze categorical data sequences

associated with different individuals
▶ Both trans. prob. and continuous ISI are modeled properly
▶ Transition/Mixture probabilities are convex combinations

of the population- and individual-level effects
▶ Covariate levels with similar effect are clustered together

Preprint available at https://arxiv.org/abs/2107.07648

R package BMRMM is published on CRAN
https://cran.r-project.org/web/packages/BMRMM/index.html
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