DETECTING LEADERSHIP AND COHESION IN SPOKEN INTERACTIONS
Wen Wang, Kristin Precoda, Raia Hadsell, Zsolt Kira, Colleen Richey, Gabriel Jiva

SRI International, 333 Ravenswood Avenue, Menlo Park, CA 94025, USA

{wwang, precoda, col | een}@peech. sri.com {raia.hadsell,zsolt.kira,gabriel.jiva}@ri.com

ABSTRACT information. Also, the transcripts include regions whenirgle
speaker made reports and hence do not present spoken -interac
tions. Therefore, we developed a tool to extract NWTRB extser
based on speaker interactivities. We manually annotatatéls and
group cohesion relations for conducting supervised tnginiSince
conversation analysis studies suggest that agreemeffdeament
(denoted (dis)agreement) detection is essential for aisabf group
cohesion, we also manually annotated (dis)agreement dtidabu
automatic (dis)agreement detection system using lineandc@ondi-
tional Random Fields (CRF). In the current work, a (dis)agrent
occurs when a responding speaker agrees with, acceptss-or di
Index Terms— multiparty dialog, broadcast conversation, agrees with or rejects, a statement or proposition by a fiestleer.
leader detection, group cohesion, feature analysis Agreements and disagreements are composed of differertbicom
1. INTRODUCTION nations of initiating utterances and responses. We refiatead
the (dis)agreement detection task as the sequence tagfibyy o

There has been much effort recently to develop methods telage ~ (diS)agreement-related labels for identifying whetheneg utter-
the social goals of the members of a group with the languagee th @1C€ IS initiating a (dis)agreement opportunity, is a @fjspement
they use, including the work on modelling and automaticdéject- ~ '€SPonse to such an opportunlty,. or is neither of these,er;;ltlmw.
ing speaker roles, social relations, and speaker chaistiterfrom ~ FOr example, aegative tag question followed by a negation re-
spoken interactions [1, 2, 3, 4, 5, 6, 7]. The goal of this wigrio ~ SPonse forms an agreement, thatAs,[Negative tag] This is not
develop systems for automatically analyzing group andasoela-  Plack and white, isit? B: [Agreeing Response] No, it isn't. In the
tions of an interacting group, that is, who is the leader ofaug, ~ €Nd; for ICSI meeting data, we manually annotated 75 meeforg
whether a group exhibits cohesive, divisive, or mixed jetat In  l€ader, 37 meetings for (dis)agrement, and 46 meetingsrinipg
a multiparty conversation, the leader is the speaker whoeguihe cohesion. For NWTRB, we manually annotated 186 excerpts for
group toward an outcome, controls the group discussionagem l€ader, 35 excerpts for (dis)agreement, and 35 excerptgrénp
interactions of the group, and is recognized as such by otieen- cohesion. For Mandarin BC' data, we manually annotated 3&sho
bers of the group. Generally, most speakers in a multipantyer- for Iea}der, 52 shows for (dis)agremeent, and 36 shows fanpgro
sation are not the leader. Leaders set the agenda, makéodscis CONesion.
run the discussion, choose who will speak next, and call amtl e We explored features based on a variety of linguistic phexmam
to the interaction. Other participants may occasionaliyquen one  (denotedlanguage use constituents, or LUC), including discourse
or another of these functions but do not consistently do smutfh-  markers, disfluencies, extreme case formulations, andgliatt
out the interaction. We categorized cohesiveness of a gitop tags (DAT). We categorized dialog acts into statement, topres
cohesive, divisive, or mixed interactions. Cohesive mtéipns con-  backchannel, and incomplete. We classified disfluencie$ (@&
sist mostly of agreement and alignment with very few andirglly  filled pauses (e.guh, um), repetitions, revisions, and restarts. Dis-
minor disagreements and other forms of rejection. Divigiterac-  course markers (DM) are words or phrases that are relateleto t
tions are characterized by strong disagreement in placleg more  structure of the discourse and express a relation betwesnither-
disagreements than agreements. Other interactions mayahanx-  ances, for exampld, mean, you know. Extreme case formulations
ture of agreement and disagreement, with no particuladygetd or  (ECF) are lexical patterns emphasizing extremeness (Ehs,is
heated disagreements, or offer insufficient informatioméke a de-  the best book | have ever read). We developed automatic annota-
termination. Our work is informed by the insights and thesrof  tion tools for discourse markers and extreme case fornamstiising
conversation analysis and built upon machine learningasmtres. rule-based systems integrating an HMM-based part-ofespd0S)

2. SYSTEM tagger, predefined tables, and heuristic rules. We devélap&uto-

matic dialog act tagger using AdaBoost and word n-gram featu

We explored three data resources, namely, the ICSI meetimys The automatic disfluency detection model was a hybrid system
[8], the U.S. Nuclear Waste Technical Review Board disarssi COMbining hidden-event language models, CRF based maufels,
transcriptions (denoted NWTRB)and the Mandarin broadcast rule-based models, for predicting fillers, repetitionsisiens, and
conversation transcriptions released under the DARPA Gptd=  restarts, following the approaches described in [9]. We als-

gram. Note that the NWTRB transcripts do not have any timingsigned features inspired by various conversation anahygistheses
and a close review of existing features and their interi@iahips

Ihttp://iwww.nwtrb.gov/meetings/meetings.html across multiple data sets. For example, for leader detgcti@

We present a system for detecting leadership and group icohies
multiparty dialogs and broadcast conversations in EnglighMan-
darin. We systematically investigate the impact of featumed de-
signs of the prediction systems, the relationships betweatures
and their individual significance in logistic regressioasd the con-
tributions of feature groupings as predictors for leadet group
cohesion, across genres and languages. We achieve 73.C24% 9
F1 accuracy for leader detection and around 80% F1 accuaacy f
group cohesion detection, on all data sets.




explored features related to pausing and interruptiond, iater-

action management lexical cues. For cohesion detecticiddse
features related to interactivity and presence of (di®agents, we
also explored features related to usage of time and extreseefor-

mulations. The full feature set for leader detection is 8Qatision
besides word n-gram features, and 40 dimension for grougsioh.

Studies on feature analyses are presented in Section 3.

of agreements and disagreements, total number of agrezmpent
hour in the interaction, difference between number of agergs
and number of disagreements per hour, total number of disagr
ments in the interaction divided by total number of speakiatsl
number of disagreements in the interaction divided by apprate
entropy of speaker distribution, total number of uniqueexie case
formulations used per hour in an interaction, and total nemuds

We used the AdaBoost algorithm for classifying leader andspeakers in the interaction.

group cohesion both for interpretability and for its higkatimina-
tive classification performance. Boosting aims at comlginireak
base classifiers to come up with a strong classifier. The ilgarn
algorithm is iterative. During each iteration, a differelgtribution
or weighting over the training samples is used to give morpham
sis on samples that were often misclassified by the preceudiads
classifiers. We used the BoosTexter tool [10], which hanbtzth
discrete and continuous features and enables a conven@rpo-
ration of various features without the need for binning. Veedi
CREF for detecting (dis)agreements, as described in detiti].

3. FEATURE ANALYSIS

In our leader and group cohesion features, there are naultiplants
of a feature that are expected to be highly correlated andesded
to determine the most appropriate operationalization effgature.
In other cases, there are features that turn out to be highiglated
because of characteristics of the data. In both of thesatgins,
the machine learning algorithms may not have any theotdiasis
for choosing among highly correlated features and theircehmay
not be as sensible as possible. Therefore, we aimed at diisgar
features and manually selecting a smaller number of featarase
before employing machine learning algorithms.

Some of the most significant predictors for leaders in thel ICS

There were also several features that were significant fr th
ICSI meetings but were undefined for the NWTRB excerpts, lisza
they rested on information that is not available in the NWTiRB)-
scripts. For example, features relating to the amount efis#é in an
interaction were by far the most significant predictors dfiesion
for the ICSI meetings. It is understandable that silencddcba a
predictor of cohesiveness, in that participants do not baadoose
their words carefully and can contribute quickly and withbesi-
tation. Unfortunately these features could not be used WTIRB
excerpts, which have no timing information.

We grouped features into several language uses based on the
design of the features, as shown in Table 1. The contribsitain
language uses are a combination of the contributions frazh e&
potentially many features, normalized for presentation percent-
age. In some cases a feature may in fact contribute negativel
prediction decision, which is therefore made in spite of fhature.
These are shown as a zero contribution, as a negative pageeist
not interpretable. The language use contribution sconetetaler
and group cohesion are shown in Table 3. These contributiores
should be helpful to analysts in understanding not just \ebpects
of language behavior led to a decision, but also some sente of
relative importance of the different aspects.

4. EXPERIMENTS

meetings are the number §fstatements, questions, backchannels,

incomplete utterancéper unit time, the percentage pétatements,
questions, backchannels, incomplete utterahbgshis speaker out
of all such utterances in the interaction; the percentagenfences
and of turns by this speaker in the interaction; the numbewtof
guestions and non-wh- questions; the average number afutise
markers per sentence; the average number of words per sentea
average number of times per turn a speaker was interrupteckmt
of interruptions produced by this speaker, percent of infgions
experienced by this speaker; percent produced by this speak
of all (dis)agreement initiating utterances, percent poed by this

(Dis)agreement-related features are used in both the speaik and
group cohesion detection models, and the speaker roletibetecit-
puts are also used in the group cohesion models. In single es-
tem |, we built a leader detection system in the first step wthen
automatic (dis)agreement labels are not available. Hemeagidn't
use (dis)agreement-related features for speaker roléingbefter
leader labeling, we built a (dis)agreement detection systed then
used the automatic leader and (dis)agremeent labels filiftmyithe
cohesion classification system with AdaBoost. Howevehfea-
ture analysis with manual (dis)agreement labels desciib8dction

speaker out of all, positive, negativi responses to (dis)agreement 3, we found (dis)agreement-related features significaralyelat-

opportunities, and percent of positive, other responsesived by
this speaker in response to an initiating utterance; andatie of
the degree and weighted degree of this speaker to the tatdberu
of speakers. Some of the most significant predictors fordesath

ing to speaker role modelling. Hence, we designed the altiemn
single-pass system Il, where first (dis)agreement modelsained,
and then those automatic labels are used in speaker rold traide
ing. Next, the automatic (dis)agreement and leader labelsised

the NWTRB excerpts are the average number of discourse marier building the cohesion detection system. The resultshogn in

ers per sentence; the average number of words per sentahgern
turn; the ratio of the degree and out-degree of this speakbettotal
number of speakers. The modest overlap between these twoflis
features could be caused by several factors. One factatiseieral
of the significant predictors for ICSI meetings cannot bewdaled
for NWTRB excerpts because of the loss of data in the NWTRB tra
scripts (e.g., disfluencies, time stamps). Predictors hvb@not be
calculated include the features relating to interruptiand accurate
counts of backchannels and incomplete utterances. Anfatbir is
the different nature of the interactions in the ICSI meetiagd the
NWTRB excerpts.

Table 2. We observed significant improvement on leader tietein
the single-pass system Il over single-pass system |. Weetktended
the single-pass system Il to a multi-pass cohesion detestistem,
by conducting another pass of (dis)agreement model tigiafter
leader detection and another pass of cohesion detectioal iraih-
ing at the end. Note that the second round of (dis)agreemedéem
training can use leader-related features and hence mighoir its
own performance and benefit second-pass cohesion detettien
observed significant improvement in second-stage cohefsiter-
tion on ICSI meeting data, while there was no gain on NWTRB ex-
cerpts and Mandarin BC data. We found that this is due to thesep

Features that were found to be of greatest significance fibr bo ness of (dis)agreement in NWTRB and Mandarin BC compared to

the ICSI and NWTRB corpora for (individually) predictingtoasion
include ratio of the number of agreements to the sum of thebeum

ICSI meeting data.
We computed the average contribution score for each LU for



Table 1. Language uses as clusters of features for leadership dedigeness detection.

| Leader detection: Language Use Name

Examples of features

1 Quantity of verbal contributions

Total number of questions by this speaker
per unit time with wh-question words

2 Interactivity with other speakers

Total number of unique speakers that this speaker talked to

3 Pausing

Average length of a pause within a turn by this speaker

4 Interruptions

Percent of this speaker’s utterances
that interrupt an utterance by someone else

5 Participation in disagreements

Percent of this speaker’s utterances that contain
an utterance initiating a (dis)agreement opportunity

6 Use of extreme case formulations

Average number of unique extreme case formulations
per sentence used by this speaker

7 Interaction management phrases

Total number of times a speaker used words
or phrases associated with interaction management petimeit

8 Sentence types used

Average number of disfluencies per sentence produced bgpbaker

9 Discourse markers used

Average number of discourse markers per sentence by thakape

10 Lexical cues

N-grams by this speaker

| Cohesiveness detection: Language Use Nanje Examples of features |

1 Interactivity and presence of (dis)agreemerifsTotal number of agreements in the interaction, per hour

2 Types of utterances initiating (dis)agreemenitsNumber of declarative statements disagreed with
or rejected by a response, per hour

3 Usage of time

Total silence time during the interaction (no one talkinggt hour

4 Use of extreme case formulations

Total number of unique extreme case formulations
used in an interaction, per hour

Table 2. Comparison of single-pass and multi-pass Precision @b6alk(%), and F1 (%) of Leader and Cohesion detection on i&itings

(with a subset of manual annotations for supervised trg)nin

ICSI meetings
Leader Cohesion
System Precision | Recall | F1 | Precision | Recall [ F1
Single-pass system | 86.0 56.9 | 68.5 77.8 875 | 82.4
Single-pass system Il 84.0 64.6 | 73.0 63.3 79.2 | 70.4
Multi-pass cohesion detectio 84.0 64.6 | 73.0 77.8 875 | 82.4

leader and cohesion prediction, on ICSI meetings, NWTRHBI, an tively undertrained due to sparsity of training samples,neticed

Mandarin BC data, as shown in Table 3. For leader detedtisit,
cal cues contribute significantly to leader detection across theahr
corpora.Quantity of verbal contributions is another significant con-
tributor across the three corpor&articipation in (dis)agreements
contributes significantly to ICSI meeting data leader détac but
its contribution was reduced on the NWTRB and Mandarin B@dat
Interactivity with other speakers plays an important role for NWTRB
and Mandarin BC data, but quite minor for the ICSI meetingadat
For cohesion detection, it is interesting to observe tisage of time
contributes the most on the ICSI and Mandarin BC data, whaste h
valid timing information. Nevertheleskteractivity and presence of
(dis)agreements and Types of utterances initiating (dis)agreements
contribute significantly across the three corpora, excephdarin
BC, on which we obtained the lowest automatic (dis)agre¢men
tection performance due to data sparsity and possibly fingarit
feature design for (dis)agreement detection. Hence, ttaretic
(dis)agreement labels on Mandarin BC data are not quitetieli

comparable performance from the subset features (an iraprent
on cohesion detection on NWTRB). On the other hand, for titebe
trained ICSI meeting models, the full feature sets outperéal the
subset features.

The manual cohesiveness labeling of the Mandarin BC shows is
highly imbalanced. Among 36 shows, only two shows were bel
as “mixed” and the rest were labled as “cohesive”. Buildimgtioe
observation that certain feature subsets generalizer ltlette others
even within the same genre, we decided to explore featurgessib
that achieve high recall for the cohesive class (hence nssing
the dominant class of this genre) while at the same timeitjass
obvious cases of less-than-cohesiveness with high poecig\fter
exploration of several subsets, we decided upon 18 feasugsas
(dis)agreement and silences that are well-separated éetoeghe-
sive and less-than-cohesive instances. In order to velitiatsubset,
we used two tests. First, we verified high recall for cohegive
stances for both ICSI and NWTRB, using the same feature subse

Table 4 shows the comparison between using the full feattre sand same classifier learned with ICSI-only data. This verifiet

and the manually selected subset of features for leaderairesion
detection, in ICSI meetings, NWTRB excerpts, and Mandai@h B

the subset is general enough that it transfers across geSiese
most Mandarin BC shows are labeled as cohesive, we alsoeekrifi

data sets. Since both NWTRB and Mandarin BC models are relahat the classifier labeled as many of these data as cohespasa



Table 3. Average LU contributions to leader and cohesion detectigpresented as percentages.

Leader Detection
LU || ICSI meetings (%)] NWTRB (%) | Mandarin BC (%)
1 Quantity of verbal contributions 11.3 12.3 194
2 Interactivity with other speakers 15 27.4 8.1
3 Pausing 4.0 N/A 11
4 Interruptions 2.4 N/A 1.7
5 Participation in (dis)agreements 15.7 5.2 4.4
6 Use of extreme case formulations 3.5 11 0.3
7 Interaction management phrases 6.6 105 7.2
8 Sentence types used 2.9 5.4 2.2
9 Discourse markers used 0.1 14 4.4
10 Lexical cues 52.0 36.7 51.2
Cohesion Detection
LU [| ICSI meetings (%)] NWTRB (%) | Mandarin BC (%)
1 Interactivity and presence of (dis)agreemerfjts 30.3 40.9 30.7
2 Types of utterances initiating (dis)agreemefjts 18.4 36.0 0.6
3 Usage of time 34.5 N/A 35.8
4 Use of extreme case formulations 16.8 19.5 1.7

Table 4. Impact of subsetting features on SC detection in ICSI meet-
ings, NWTRB excerpts, and Mandarin BC data. Results are pr

sented in Precision (P) (%), Recall (R) (%), and F1 (%).

€,

using a smaller set of features based on feature correlatiay
may increase the generality of the learned models. We arertly
exploring semi-supervised training approaches and eixglarew
features for leader and cohesion detection, for exampkturies

sible. While we have obtained a small amount of less-thdresive
Mandarin data to train on subsequent to these experiméetsnial-
ysis here represents an interesting study of making up farsgp
of data in one language by utilizing a classifier learned iotlaer [71
language.

In conclusion, we systematically investigated the contidns (8l
of language uses to social construct prediction, and thedmpf
single-pass or multi-pass social construct predictioms, €SI,
NWTRB, and Mandarin genres. We examined the leader and co{9]
hesion features for their relationships to each other amdhieir
individual significance as predictors in logistic regressi, in both  [10]
the ICSI meeting data and a set of NWTRB excerpts. Using a
manually selected smaller set of features, we obtained ambje [11]
or better precision, recall, and F1-score on both the NWTR®& a
Mandarin BC data than with a larger set of features. We belilbat

Cead ICSI meetlng(s: Fes related to topic shift for leader detection. We will also kexp the
eader onhesion effectiveness of the systems on other genres and languages.
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