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 focuses on speech rate convergence between speakers in conversation. While the replication confirms the main result of the original study, it also shows interesting variations in the details. Moreover we take this opportunity to test further the study for its robustness with regard to data selection and preprocessing as well as to the underlying model of the variable (speech rate). The analysis also shows that another approach is necessary to consider the complex aspects of the speech rate in conversations. Pushing further a previous analysis is another benefit of replication in general: testing and strengthening the results of other teams and increasing validity and visibility of interesting studies and results.

Introduction

Convergence phenomena are well known in the speech science community: two speakers tend to co-adjust their speaking style in order to ease communication. In a conversation, we call each conversant as 'speaker' and his counterpart as 'interlocutor'. Behavior coordination between a speaker and his interlocutor has been shown to occur at various levels, like syntactic structures or referring expressions [START_REF] Pickering | Toward a mechanistic psychology of dialogue[END_REF] and to accommodate to each other [START_REF] Giles | Language: Contexts and consequences[END_REF]. This study sought to replicate and expand the work of [START_REF] Cohen Priva | Converging to the baseline: Corpus evidence for convergence in speech rate to interlocutor's baseline[END_REF] which shows evidence about the phenomenon of accommodation. Their work focused on the speech rate convergence between speakers in the Switchboard corpus (Godfrey et al., 1992), [START_REF] Godfrey | Switchboard-1 Telephone Speech Corpus. distributed via LDC[END_REF]. The goal of our study is at first show that it's possible to replicate the results of the work by Priva et al. following the same procedure and using the same statistical tools. Replicability starts to receive a well-deserved attention from the Natural Language Processing (NLP) community. In language sciences and in particular in NLP, replicating a result may involve many detailed steps from the raw data to actual results. The replicability effort concerns therefore mainly the choices for data selection, pre-processing and the different steps in the analysis for which we try to follow the exact procedure of the replicated study. Interestingly, while the main lines and results of the replicated study are confirmed, particular results differ despite our care in not altering the original experimental setup. Moreover, based on our replication we can explore the robustness of the results by varying some of the parameters of the original study. We believe this is another interest in replicating a study. The replication includes two parts: (i) one related to the effects of sex and age that affect the speech rate; (ii) and a second one which ensures the convergence of the speaker's speech rate to their baseline and the interlocutor's speech rate baseline. The second part will show further analysis performed on the corpus using the same model. At first we used different subsets of the main corpus changing the number of minimum conversations per speaker, then we tested another approach to compute the word expected duration and finally validated the model with a k-fold cross validation technique. In this last part, we also point out the necessity to have a different approach that could considers the temporal dynamic of speech rate, showing an example of the complex nature of the convergence. The paper is organized as follows. After motivating the general interest for the research question (Section 2.), we present our replication (Section 3.) of the different experiments. Before concluding we propose some addition to the initial study in section 4. in particular with regard to data set selection, to the underlying model, and pointing out the issue of the dynamic of the speech rate

Motivation

Speech rate is one of the aspects in which convergence arises. In [START_REF] Buller | The effects of speech rate similarity on compliance: Application of communication accommodation theory[END_REF]) some effects of the speech rate were shown in accommodation theory while [START_REF] Manson | Convergence of speech rate in conversation predicts cooperation[END_REF] assess that convergence in speech rate predicts cooperation. As summarized in the work of [START_REF] Cohen Priva | Converging to the baseline: Corpus evidence for convergence in speech rate to interlocutor's baseline[END_REF], convergence during conversations could be attributed to the sex and age of the speakers [START_REF] Hannah | Gender and conversational style as predictors of conversational behavior[END_REF][START_REF] Kendall | Speech rate, pause, and linguistic variation: An examination through the sociolinguistic archive and analysis project[END_REF][START_REF] Babel | Evidence for phonetic and social selectivity in spontaneous phonetic imitation[END_REF]. Moreover, they recall that research has suggested women generally converge more than men (R. Bilous and M.Krauss, 1988;[START_REF] Gallois | Communication accommodation and the prototypical speaker: Predicting evaluations of status and solidarity[END_REF][START_REF] Willemyns | Accent accommodation in the job interview: Impact of interviewer accent and gender[END_REF], though such results are often small and complex. Additional effects have been found on the interaction between speaker sex and interlocutor sex.1 [START_REF] Kendall | Speech rate, pause, and linguistic variation: An examination through the sociolinguistic archive and analysis project[END_REF] found that speech rates were more strongly affected by the interlocutor's sex than by the speaker's sex-both male and female speakers talked in a similar, slow rate when interviewed by a woman, and faster when the interviewer was a man. The aim of this work is to replicate and expand [START_REF] Cohen Priva | Converging to the baseline: Corpus evidence for convergence in speech rate to interlocutor's baseline[END_REF], in order to take into account speech rate as one of the aspects to study convergence in dyadic conversations. The goal of the Cohen et al. study was at first to analyze the effects of age and sex on speech rate and then study convergence in terms speakers and interlocutors' baseline. As they showed a speaker may increase their usual speech rate (the baseline) in response to a fast-speaking interlocutor or vice versa. They also noted external factors could affect speech rate too. For example, controversial topics may incur faster speech rates as speakers get more involved. Previous work has measured convergence using third-party judgment (human judgment) [START_REF] Namy | Gender differences in vocal accommodation:: The role of perception[END_REF][START_REF] Goldinger | Echoes of echoes? an episodic theory of lexical access[END_REF], a comparison of the speech rate in the same conversation or comparing the speech rate with various baseline [START_REF] Street | Speech convergence and speech evaluation in fact-finding iinterviews[END_REF][START_REF] Levitan | Measuring acousticprosodic entrainment with respect to multiple levels and dimensions[END_REF][START_REF] Pardo | On phonetic convergence during conversational interaction[END_REF][START_REF] Sanker | Comparison of phonetic convergence in multiple measures[END_REF]. Priva et al. instead compared the speech rate of both conversants with their baseline performed in conversations with different speakers/interlocutors respectively. This choice avoids the influence of inner factors in the conversations. As outlined in the previous work, in [START_REF] Smith | Effects of speech rate on personality perception[END_REF][START_REF] Smith | Effects of speech rate on personality attributions and competency evaluations[END_REF][START_REF] Street | Speech convergence and speech evaluation in fact-finding iinterviews[END_REF] it is shown that people consider speakers with greater speech rate as more competent, so conversants could increase their speech rate to fit these impressions. Also, facial or body language expressions could affect the speech rate and the dynamic of the conversations. The use of the Switchboard dataset which is formed by telephone conversations with more than one conversation per speaker allows to smooth both these effects.

Replication Study

To ease the comparison with the work of Priva et al. we will use the same definitions. The speaker speech rate while speaking with the interlocutor I is indicated as S I , while interlocutor speech rate with the speaker S is I S . The speech rate baseline of the speaker in other conversations, with everyone except I is indicated as S -I . Similarly I -S is the speech rate baseline of the interlocutor while speaking with everyone except S. The data used in the replication is the same of the paper by Priva et al., the Switchboard corpus (Godfrey et al., 1992) in which participants took part in multiple telephonic conversations. There are 543 speakers in the corpus, with about 2400 conversations containing transcription for each dialogue, with conversants of mixed/same sex and ages. The speakers are strangers and each speaker was paired randomly by a computer operator with various other speakers; for each conversation a topic (from a list of 70 topics) was assigned randomly. In the pure replication stage were taken into account just conversations in which both conversants have at least one additional conversation with a different speaker, as in the original study. So after filtering the data by excluding speakers occurring in only one conversation we have 4788 sides of conversations and 479 speakers.

Speech Rate

In their work, Priva et al. computed Pointwise speech rate for an utterance as the ratio between utterance duration and utterance expected duration. The speakers speech rate was calculated as the mean of the log pointwise speech rates of all utterances having four or more words. Shorter utterances were removed because many of these are backchannels [START_REF] Yngve | On getting a word in edgewise[END_REF], such as 'yeah' or 'uhuh', which may exhibit specific phenomena with regard to speech rate. In addition, both the speakers and the interlocutors baseline speech rate were calculated using the mean speech rate of that caller in other conversations (S I and I S , respectively). Utterance expected duration was defined as the sum of the expected durations of all words in the utterance, excluding silences, filled pauses (uh, um) and oh. Utterance duration was defined as the time from the beginning of the first word in an utterance, which was not a silence or filled pause, until the end of the last word in that utterance, which was not a silence or filled pause, but including intermediate silences and filled pauses. To calculate each words expected duration, Priva et al. used a linear regression model, in which the median duration of that word across the entire Switchboard corpus, the length of the utterance, and the distance to the end of the utterance (in words) are the predictors. Medians were used because the distribution of word durations is not symmetric. They included also the length of the utterance and the distance to the end of the utterance because it has been shown that both of these factors can affect rate of speech ((Jiahong [START_REF] Yuan | Towards an integrated understanding of speaking rate in conversa-tion[END_REF][START_REF] Quené | Multilevel modeling of betweenspeaker and within-speaker variation in spontaneous speech tempo[END_REF][START_REF] Jacewicz | Articulation rate across dialect, age, and gender[END_REF]). We find that the mean is 246 ms for both and the median 205 ms for actual, 208 ms for the expected.

Statistical Models

The model used for their analysis was a linear mixed regression model with the use of standardized speech rate as the predicted value. As specified the lme4 library in R [START_REF] Bates | lme4: Linear mixed-effects models using eigen and s4[END_REF] was used to fit the models and provide t-values. The lmerTest package [START_REF] Kuznetsova | lmertest: tests for random and fixed effects for linear mixed effects models[END_REF], which encapsulates lme4, was used to estimate degrees of freedom (Satterthwaite approximation) and calculate p-values. All numerical predictors were standardized. All models used the interlocutor, conversation, and topic identity as random intercepts. Study 1 also used the speaker as a random intercept. Binary predictors (speaker and interlocutor sex), were converted ("FEMALE") to 0 and ("MALE") to 1. Following the replication we used Rs p.adjust function to adjust p values for multiple comparisons using the FDR (false discovery rate) method.

Study 1: Sex and Age Effects on Speech Rate

This part of the work seeks to validate previous studies establishing that age and sex affect speech rate. In particular, younger speakers have been found to have faster rates than older speakers [START_REF] Duchin | Disfluency and rate characteristics of young adult, middle-aged, and older males[END_REF][START_REF] Harnsberger | Speaking rate and fundamental frequency as speech cues to perceived age[END_REF][START_REF] Horton | A corpus analysis of patterns of age-related change in conversational speech[END_REF], and male speakers slightly faster rates than female speakers [START_REF] Jacewicz | Articulation rate across dialect, age, and gender[END_REF][START_REF] Yuan | Towards an integrated understanding of speaking rate in conversa-tion[END_REF][START_REF] Kendall | Speech rate, pause, and linguistic variation: An examination through the sociolinguistic archive and analysis project[END_REF]. Sex, age, and their interaction were used as fixed effects. The models described used a random intercept for conversation. , FDRadjusted p < 10 -6 ). Age did not affect male and female speakers differently (β = -0.0716, SE = 0.0748, unadjusted p = 0.3389 , FDR-adjusted p > 0.05). These results summarized are shown in 

Results

Strenghting The Analysis

In this part we will show further analysis performed on the Switchboard corpus to test the model proposed by [START_REF] Cohen Priva | Converging to the baseline: Corpus evidence for convergence in speech rate to interlocutor's baseline[END_REF]. More precisely, we extend the study in three directions: (i) using a subset of the corpus in order to include just speakers with more conversations; (ii) applying a different model to compute the word expected duration, and (iii) finally testing the model on different data subsets following a k-fold approach.

Taking a More Conservative Stance on Baseline Estimate

As said before, external factors could affect speech rate, like the topic of the conversation. Indeed, a speaker could vary his speech rate depending on how he is immersed into the discussion or according to the importance he gives to the topic. This may have an effect on the computation of the baseline leading to an overestimating or underestimating of the speech rate baseline. To smooth this effect we apply the same model to subsets of the Switchboard corpus considering just speakers who have at least 2, 3, 4, 5, 6 conversations, in order to have a greater number of conversations per speakers to compute S I and I S even if this implies to consider into the analysis a smaller number of total speakers; in this way we obtain 5 different datasets with respectively 479, 442, 406, 385, 357 different speakers and 4788, 4630, 4418, 4264 and 4018 'conversations sides'. The choice of using these datasets is also due to other factors, such as the internal state of the speaker. For example, emotion could affect the way to talk of a speaker and subsequently his speech rate. In previous studies, [START_REF] Ververidis | Emotional speech recognition: Resources, features, and methods[END_REF] compared the effect of the emotion to recognize them by the analysis of speaking using severals database, while [START_REF] Siegman | Voices of fear and anxiety and sadness and depression: the effects of speech rate and loudness on fear and anxiety and sadness and depression[END_REF] outlined people who feel sadness can speak slow and soft. Using a greater numbers of conversations per speakers it could be possible to smooth this effects in the computation of the baseline. For study 2, We consider just predictors which were significant in the previous study and that still remain the only significant variables. Table 4 shows the magnitude of the estimates (for study 1) for each subsets. The magnitude of the effect of sex on speech rate increases with the number of conversations, while the effect of age decreases. Moreover, both variables preserve significance with an adjusted p-value that in the worst case (corresponding to the dataset with 6 conversations per speaker) is p = 0.009 for speaker age and p ∼ 10 -8 for speaker sex. So, the trend of the estimates, still significant, suggests that considering a less quantity of data, lead to indicate the robustness of the model.

With regard to study 2 we consider just significant predictors. The results in table 3 shows that also in this case the magnitude of the speakers baseline, interlocutors baseline and of interlocutors age increase, but we note that the age loses significance as the number of minimum conversations increases. The speech rate so results to be affected mainly by the speaker baseline and by the interlocutor's baseline. Moreover, the fact that the interlocutor age doesn't seem to affect the convergence of speech rate, which implies the results can't be reproduced if we reduce the size of the dataset, recall the issue outlined by [START_REF] Benjamin | Redefine statistical significance[END_REF]; in their work they suggest the possibility to reduce (for same fields of the scientific research) the threshold of the p-value, in order to help the reproducibility task of the results in the scientific community.

Variation on Expected Duration Computation

Recalling the definition of speech rate at a level of an utterance as the ratio between utterance duration and utterance expected duration, it's clear that the speech rate is influenced by the way of computing the expected duration of each individually word. Assuming that the duration of a word depends on the length of the utterance, the distance to the end and to the median duration of that word in the entire corpus, we fitted the expected duration using an artificial neural network regression with a one-hidden layer of 10 neurons and an adaptive learning method. The model is integrated by the use of the Scikit-Learn package in Python [START_REF] Pedregosa | Scikit-learn: Machine learning in python[END_REF]. In this case we obtained that median of the expected word duration is ∼ 205 ms, as the median of the word duration in the corpus. Applying the same procedure of the previous paragraph, we obtained the 

Validation of the Model

To validate the model described in the previous section, we apply a cross validation k-fold approach to determine if the results are still significant on a smaller independent dataset. We use k = 5, obtaining each subsets from the main corpus; differently from the section 4.1., we filter the data in order to create dataset with a size of conversations number corresponding to the 80% of the total length of the corpus, used in section 3.. In this context, each of data set contained 3830 'conversations sides' with the condition that each speaker has at least 2 conversations. We compare the results of study 2 3.4. with the results averaged on the subsets as expressed in Table 6. We found that even if Interlocutor's baseline and Interlocutor's Age (estimate and Standard deviation values) are consistent with the value of Section 3., they are not still significant. Vice-versa, the estimate for the Speaker Baseline emerges to be slightly lower compared to the previous result, but it still have sig-nificance. The non significance values cannot be attributed to the decrease of speakers in the datasets. Indeed, the minimum number of speakers result to be 452, that is about the 95% of the total number used in Section 3.. These difference of results could be attributed to the use of less conversations sides per speaker in the k-fold subsets (after the filtering processing), that reinforce the hypothesis to consider more than 2 conversations per speaker. These results suggest the fact that speech rate is mainly affected by the Speaker baseline also when both the size of the conversations and the number of speakers decrease.

Speech rate as dynamic variable

The replication study performed in this work, including the further analysis about the robustness of the model, used speech rate averaged on all the utterances per each conversation. Even if this approach captures general properties and behavior of the speakers and their interlocutors while conversing, it can't account for the dynamic of speech rate and how it evolves during time. In order to get a closer view to what speech rate variation looks like in conversation we realized a series of speech rate plots in actual conversation as shown in figure 1. First of all, we should highlight that what does the replicated study (study 2) is to compare the base lines and the averages speech rates (all the straight lines). To show the variability and the complexity of the speech rate in a conversation we plot the speech rate for each utterance for both speaker and interlocutor. As first step we smooth the data using a moving average with a window n = 6. Then we apply a polynomial fit p(x) of order k = 8 to the filtered data to obtain the trend of the speech rate as a smoothed function. As we can see, the difference between average speech rate of speaker and interlocutor (respectively in light blue and pink) is ∼ 0.4. These averaged values are in according with the punctual speech rate (blue for speaker and red for interlocutor) at a level of the utterances for the first part of the conversation (up to 300 s) showing a huge difference between the conversants, but they hide that in the temporal interval 300-400s the difference is < 0.05. In the last part of the conversation speaker and interlocutor have a similar trend in speech rate and a model that uses the average speech rate can't take the temporal dynamic into account. Moreover, the average speech rate is sensitive to outliers. This issue could affect the analysis of the speech rate during conversation leading to an erroneous description of the conversants behavior. The importance to analyze the trend of speech rate that evolves during the conversation, points out the possibility of analyze speech rate with the use of new approaches that could study the dynamic of the conversation.

Conclusion

Our replication of [START_REF] Cohen Priva | Converging to the baseline: Corpus evidence for convergence in speech rate to interlocutor's baseline[END_REF] confirms that both speaker baseline and interlocutor baseline have effects on the speech rate, supporting the theory that speakers tend to convergence in speech rate as assesed in the work of [START_REF] Cohen Priva | Converging to the baseline: Corpus evidence for convergence in speech rate to interlocutor's baseline[END_REF]. Although we test the robustness of their model, showing that only speaker baseline preserve significance in the test we performed. More general, despite their key importance, replication studies in Language Sciences of the kind presented here have been too rare. However it is a crucial ingredient for making scientific results more reliable and more credible outside the community. It is important that this approach could be moved in other scientific fields to develop within Language Sciences. Moreover replicated studies are the best ground for extending previous work. We hope that the benefits exhibited in the paper can convince more NLP researchers to initiate replications and present them in dedicated papers. Finally, the visual exploration of speech rate we presented allowed us to grasp the distance between the study we focused on, our replication and the actual complexity of the phenomena. It does not reduce the interest of the original study but reveals how we still need to understand about conversational dynamics.
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Figure 1 :

 1 Figure 1: Blue shade (upper part) and red shade (bottom part) indicate respectively the speaker and interlocutor variables.

Table 1 :

 1 Comparison of the results between our replication and the original study 1 from Cohen et al.

		Estimate	Standard Error	FDR-adjusted p
	Variable	us	Priva et al.	us	Priva et al.	us		Priva et al.
	Age	0.2151	0.2239	0.0532	0.0541	1.2 • 10 -13 6.3 • 10 -5
	Speaker Sex -0.4089 -0.3912 0.0744	0.0760	2.5 • 10 -7	1.1 • 10 -6
	Age • Sex	-0.0716	-0.0795	0.0748	0.0762	0.338		0.297
			Estimate	Standard Error		FDR-adjusted p
	Variable		us	Priva et al.	us	Priva et al.		us	Priva et al.
	Speaker Baseline (SB)	0.7777	0.7940	0.0929	0.0090	2 • 10 -16 2 • 10 -16
	Interlocutor ′ s Baseline (IB) 0.0464	0.0540	0.0094	0.0190		7 • 10 -6	0.034
	Interlocutor ′ s Age (IA)	0.0231	0.0249	0.0089	0.0100		0.038	0.043
	interlocutor ′ s sex (IS)	-0.0181	0.0099	0.0927	0.0230		0.134	0.844
	IB • speaker Age	0.0048	0.0025	0.0089	0.0090		0.720	0.844
	IB • IA		-0.0004	-0.0079	0.0082	0.0090		0.960	0.630
	IA • speaker Age	-0.2094	-0.0230	0.0092	0.0100		0.111	0.053
	IB • speaker Sex	-0.0075	0.0084	0.0092	0.0250		0.553	0.844
	IB • SB		-0.0173	-0.0176	0.0095	0.0100		0.183	0.162
	IB • IS		-0.0144	-0.0009	0.0093	0.0270		0.246	0.974
	IS • Speaker Sex	0.0022	-0.0676	0.0101	0.0270		0.945	0.430
	IB • Speaker Age • IA	0.0064	0.0040	0.0078	0.0070		0.550	0.844
	IA • Speaker Sex • IS	-0.0130	-0.0561	0.0091	0.0340		0.261	0.193

As Priva et al., we find that older speakers are more likely to have a slower rate of speech (β = 0.2151, standard error (SE) = 0.0532, p < 10 -5 , FDR-adjusted p

Table 2 :

 2 

Comparison of the results between our replication and the original study 2 from Priva et al < 10 -6 ). Male speakers are overall more likely to have a faster rate of speech (β = -0.4089, SE = 0.0744, p < 10 -7

  Table 1 and compared with the results of the work of Priva et al. As shown our work replicates the trend of the estimates of Priva et al., and the fact that both age and sex of speaker affect his speech rate.The second part of the original study attempted to determine to what extent speakers converge with their interlocutors baseline rate and to verify the influence of other features like sex and age on the convergence. The method is the same as explained in section 3.3.; moreover, were added several predictors. First two predictors for speech rate like the speakers baseline speech rate, estimated from their conversation with other interlocutors (S I ), and the interlocutors baseline speech rate, estimated from their conversations with others (I S ). Other predictors are included, as described by Priva et al., to take into account that the identity of the speaker, both speaker and interlocutor properties like sex and age could affect the speech rate. The other predictors are:

		Speaker Baseline		Interlocutor's Baseline	Interlocutor's Age
	conv. per speaker Estimate	SD	adj.p	Estimate	SD	adj.p	Estimate	SD	adj.p
	2	0.7777 0.0093 2 • 10 -16 0.0464 0.0094 7 • 10 -6 0.0231 0.0089 0.038
	3	0.7824 0.0094 2 • 10 -16 0.0588 0.0192	0.018	0.0217	0.0089	0.084
	4	0.7824 0.0096 2 • 10 -16 0.0589 0.0194	0.019	0.0205	0.0092	0.138
	5	0.7802 0.0098 2 • 10 -16 0.0589 0.0197	0.023	0.0206	0.0093	0.144
	6	0.7800 0.0102 2 • 10 -16 0.0652 0.0200	0.009	0.0220	0.0096	0.106
	Table 3: Estimate, Standard deviation and adjusted p-value for the Speaker Baseline, Interlocutor's baseline and Interlocu-
	tor's age for different subsets of the Switchboard corpus. The subsets contain at least 2, 3, 4 ,5 and 6 conversations per
	speakers respectively.								
	Interlocutor age has a significant effect on speaker speech				
	rate too (β = 0.0231, SE = 0.0089, p < 0.05, FDR-adjusted				
	p < 0.05). The positive coefficient of this variable indi-				
	cates that speakers are categorically slower while speaking				
	with older speakers, regardless of the interlocutors baseline				
	speech rate.								
	However, contrarily to the results of Priva et al. we don't				
	find significance to assess that the combination of speakers				
	and interlocutors sex affects speech rate.						
					Results As shown in table 2, our replication is in agree-
					ment with the results of Priva et al. Speakers baseline
					speech rate has the most significant effect on their own
					speech rate in a conversation (β = 0.7777, standard error
					(SE) = 0.0929, p < 10 -16 , FDR-adjusted p < 2 • 10 -16 ).
					The interlocutors baseline rate has a smaller yet signif-
					icant effect on speakers speech rate (β = 0.0464, stan-
					dard error (SE) = 0.0094 , p < 8 • 10 -8 , FDR-adjusted p

3.4. Study 2: Converging to baseline

• The age (standardized) of the interlocutor, as well as its interaction with the (standardized) age of the speaker: Interlocutor age; Interlocutor age • speakerage • The sex of the interlocutor, and its interaction with the sex of the speaker: Interlocutor sex; Interlocutor sex • speaker sex • Interactions between the interlocutors baseline speech rate and all other variables: -Interlocutor Baseline • Speaker Baseline; -Interlocutor Baseline • Speaker Age; -Interlocutor Baseline • Interlocutor Age; -Interlocutor Baseline • Interlocutor Age • speaker Age; -Interlocutor Baseline • Speaker Sex; -Interlocutor Baseline • Interlocutor Sex;

-Interlocutor Baseline • Interlocutor Sex • Speaker Sex. < 0.05 ). The positive coefficient indicates convergence, when speaking with an interlocutor who speak slowly or quickly, the speakers speech rate changes in the same direction. Difference between the effect of speakers baseline rate and interlocutors baseline rate on speaker speech rate, suggests that speakers are more consistent than they are convergent, and rely much more on their own baseline.

Table 4 :

 4 Estimate, Standard deviation and adjusted p-value for the Sex, age and sex • age for different subsets of the Switchboard corpus. The subsets contain at least 2, 3, 4 ,5 and 6 conversations per speakers respectively.

			Speaker Sex			Speaker Age		Sex•Age
	conv. per speaker Estimate	SD	adj.p	Estimate	SD		adj.p	Estimate	SD	adj.p
	2	-0.4090 0.0745	2.6 • 10 -7	0.2151 0.0532 1.22 • 10 -4 -0.0716 0.0748 0.338
	3	-0.4655 0.0765 1.04 • 10 -8 0.2083 0.0544 2.00 • 10 -4 -0.0269 0.0770 0.726
	4	-0.4861 0.0787 6.42 • 10 -9 0.2055 0.0564 4.03 • 10 -4 -0.0593 0.0794 0.455
	5	-0.4749 0.0807 3.49 • 10 -8 0.1854 0.0585 2.21 • 10 -3 -0.0559 0.0822 0.496
	6	-0.4747 0.0830 9.26 • 10 -8 0.1634 0.0602 9.25 • 10 -3 -0.0032 0.0847 0.968
		Speaker Baseline	Interlocutor's Baseline	Interlocutor's Age
	conv. per speaker Estimate	SD	adj.p	Estimate	SD	adj.p	Estimate	SD	adj.p
	2	0.7801 0.0093 2 • 10 -16 0.0548 0.0192 0.035 0.0232 0.0088 0.048
	3	0.7868 0.0094 2 • 10 -16 0.0584 0.0192 0.019	0.0219	0.0089	0.078
	4	0.7847 0.0096 2 • 10 -16 0.0581 0.0194 0.022	0.0206	0.0091	0.137
	5	0.7822 0.0097 2 • 10 -16 0.0583 0.0190 0.024	0.0210	0.0093	0.140
	6	0.7970 0.0100 2 • 10 -16 0.0650 0.0240 0.009	0.0217	0.0095	0.093

Table 5 :

 5 The table reports the results obtained using the method described in Section 4.2. to compute the expected word duration. Estimate, Standard deviation and adjusted p-value for the Speaker Baseline, Interlocutor's baseline and Interlocutor's age for different subsets with at least 2, 3, 4 ,5 and 6 conversations.

		estimate		SD		adj-p	
	Variable	k-fold	previous	k-fold	previous	k-fold	previous
	Speaker Baseline	0.764 ± 0.011	0.778	0.011 ± 0.002	0.009	2 • 10 -16	2 • 10 -16
	Interlocutor Baseline	0.055 ± 0.007	0.046	0.001 ± 0.010	0.009	0.110 ± 0.071	7 • 10 -6
	Interlocutor's Age	0.016 ± 0.008	0.023	0.011 ± 0.001	0.009	0.130 ± 0.029	0.038

Table 6 :

 6 Estimate, Standard deviation and adjusted p-value for the Speaker Baseline, Interlocutor's baseline and Interlocutor's age averaged on the 5 different subsets and compared with the value computed in Section 3.4..

	results in table 5. The trend of the estimates and SD re-
	sults similar to what founded in Section 4.1., reinforcing
	the hypothesis that both speaker baseline and interlocutor
	baseline affect the speech rate.

For the sake of clarity, we will call the 'other speaker', the 'interlocutor'.