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Abstract
To improve satisfaction and engagement of workers in on-
line crowdsourcing marketplaces, recent research in HCI
has proposed the use of conversational interfaces to sup-
port the execution of a variety of tasks. Prior works in lin-
guistics have shown that conversational styles have an im-
portant impact on human communication. Little is known
about whether and how conversational styles of agents can
be leveraged to improve outcomes in conversational micro-
tasking. To this end, we propose a coding scheme to clas-
sify the conversational styles crowd workers and empirically
observe how conversational styles of workers relate to work
outcomes. Results show that crowd workers with a highly
involved conversational style produced significantly higher
quality results, exhibited a higher user engagement and
perceived less cognitive task load in comparison to those in
a highly considerate style. Our findings can have important
implications on task design in microtask crowdsourcing.
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Introduction
In crowdsourcing marketplaces, large batches of microtasks
are concomitant with worker drop-outs during the course of
task execution [3]. Several factors have been identified to
effect worker engagement and cause task abandonment [8,
12, 13]. To tackle this problem, researchers have introduced
conversational agents into the realm of crowdsourcing1.

Previous works in the field of linguistics and psychology
have shown the important role that conversational styles
have on inter-human communication [6, 10, 11]. Being de-
veloped in the context of human conversations, the insights
and conclusions of these works are not directly applicable
to conversational microtasking, where workers typically aim
to optimally allocate their effort rather as opposed to being
immersed in conversations. To the best of our knowledge,
current conversational agents have not exploited the con-
versation styles to improve the overall effectiveness of the
crowdsourcing paradigm. Understanding the role of con-
versational styles in human computation can help us better
adapt strategies to improve output quality and worker en-
gagement, or better assist and guide workers in the training
process. To this end, there is the need for novel methods for
the classification of conversational styles in the context of
microtask crowdsourcing.

Conversational Style Classification
Emulating particular conversational styles suitable to given
contexts, or aligning the conversational style of an agent to
the preferred style of workers, may help to improve worker
engagement, satisfaction, and even output quality. To en-
able further research in this direction, we need a reliable
method to estimate the conversational style of a worker. We

1We refer to crowd work executed through a conversational agent that
can provide workers with a natural way to interact with a crowdsourcing
system [1, 4, 5, 7, 9] as conversational microtasking.

introduce prior work on conversational styles, and present a
novel coding scheme designed to label and classify conver-
sation style of workers in conversational microtasking.

High Involvement and High Considerateness
In this work we draw from Deborah Tannen’s theory of con-
versational style [10, 11]. In Tannes’s theory, conversa-
tional style can be classified broadly into two categories:
High Involvement and High Considerateness. The High-
Involvement style is described as follows: “When in doubt,
talk. Ask questions. Talk fast, loud, soon. Overlap. Show
enthusiasm. Prefer personal topics, and so on”. In contrast,
she characterized the High-Considerateness style as fol-
lows: “Allow longer pauses. Hesitate. Don’t impose one’s
topics, ideas, personal information. Use moderate paralin-
guistic effects, and so on”.

As per Tannen’s theory, conversational styles emerge
through the combined use of different linguistic devices.
Tannen identifies nine dimensions of linguistic devices that
are related to conversational styles: Personal focus of topic,
Paralinguistic features, Enthusiasm, Use of questions, Pac-
ing, Use of repetition, Topic cohesion, Tolerance of silence,
and Laughter [11].

Coding Scheme of Conversational Style
While providing a conceptual framework for the definition
and characterisation of conversational styles, Tannen’s the-
ory is not directly applicable to conversational microtasking.
Tannen’s work was developed (and tested) in the context of
human conversations, which are typically long and articu-
lated. In conversational microtasking, devices like “humor”
and “the percentage of narrative turns” are clearly at odds
with the need for workers to optimally allocate their effort.
Moreover, Tannen’s continua-based method for conver-
sational style estimation does not have specific criteria to
guide readers to distribute speakers on continua. For these



reasons, a novel coding scheme for systematically classify-
ing the conversational style is required, to enable the clas-
sification of coding styles, and guide the creation of ground
truth data for conversation style estimation. This coding
scheme builds upon a subset of the linguistic dimensions
listed in the previous section. We exclude Paralinguistic fea-
tures, Use of repetition and Laughter.

We include in the coding scheme Tolerance of silence, i.e.
hesitation and silence occurring in conversations, but with
some adaptation. In text-based chat, we measure toler-
ance of silence through editing actions (i.e., when users
edit a message before it is sent). We calculate the per-
centage of deleted keys among all the keys pressed by the
worker. The higher the percentage is, the more hesitation
the worker has, implying longer silence during the conver-
sation.

In our study, Topic cohesion refers to whether the answers
that workers give to questions are topically coherent, and
well linked. In some cases however, workers might directly
ask questions to the conversational agent, referring to 4)
Use of questions, or express apologies to explain that they
can not answer. Such questions or statements naturally
deviate from the topic at hand. Therefore, we combine
these two dimensions together as one factor in the coding
scheme.

The resulting set of dimensions used to systematically an-
alyze conversation styles are summarised in Table 1, and
they include: 1) Personal focus of topic, 2) Enthusiasm, 3)
Pacing, 4) Tolerance of silence, and 5) Topic cohesion &
Use of questions.

Each dimension is quantified using a binary score (either -1
or 1). A final score is used to classify a conversation style
as either Involvement or Considerateness. The score is cal-

culated as a sum of scores corresponding to all the five di-
mensions. If final score is greater than 0, the conversational
style of a worker is classified as Involvement. If the final
score is less than 0, the conversational style of a worker is
classified as Considerateness.

The coding scheme can be used for labeling ground truth
data of the conversational style. To make the ground truth
reliable, the coding process is done by multiple coders inde-
pendently. First, the scores of all the dimensions are given
by all the coders in the group independently. The cases
having disagreement will be resolved through manual dis-
ambiguation. The reliability of the coding process is mea-
sured by Fleiss’ Kappa [2].

Experiments
Conversational styles are independently labeled by multi-
ple coders according to the coding scheme to understand
how workers’ conversational styles distribute among crowd
workers. Afterward, we conduct a online crowdsourcing
experiments with 180 unique workers and analyze the re-
lationship between workers’ conversational styles and their
performance, engagement, and cognitive task load.

The coding process is conducted by three experienced ex-
perts, who have deeply studied the theory of conversational
style and understood the concept of linguistic devices. The
inter-rater reliability is measured by Fleiss’ Kappa. Three
coders are in complete agreement for 124 out of 180 crowd
workers. The 56 cases having disagreement are disam-
biguated manually by coders. In total, 86 workers exhibited
Involved style, while 94 workers showed Considerate style.
Therefore the kappa κ value is 0.78.

We explored the behaviour of online workers with two con-
versational styles during conversational microtasking, and
observed strong evidence that conversational style could



Table 1: Coding scheme for conversational style.

Dimension Score Criteria

1) Personal focus of topic
1

The worker prefers responding to the questions with personal opinions or personal anecdotes. For ex-
ample, the worker uses first-person pronouns and phrases such as “I think”, “I like”, “my experience”.

-1
The worker prefers responding to questions by using objective descriptions. For example, using imper-
sonal phrases such as “it is”.

2) Enthusiasm
1

The worker demonstrates a willingness to converse with the conversational agent. For example, by
responding positively to questions from the agent that would prolong the conversation.

-1
The worker appears to be disinterested in the conversation with the agent. For example, by constantly
seeking to end the conversation and responding with “no more”, “nothing else”, or similar phrases.

3) Pacing
1

Calculate the mean pace (typing rate) of all the workers. The score of the worker whose mean pace ≥
median is 1 (relatively faster pace).

-1
Calculate the mean pace of all the workers. The score of the worker whose mean pace < median is -1
(relatively slower pace).

4) Tolerance of silence
1

Calculate the mean percentage of self-editing (fractions of deleted characters among all the typed char-
acters) of all the workers. The score of the worker whose mean percentage of self-editing < median is
1.

-1
Calculate the mean percentage of self-editing of all the workers. The score of the worker whose mean
percentage of self-editing ≥ median is -1.

5) Topic cohesion &
Use of questions

1 The worker prefers to express opinions directly linked to the topic or asks questions when in doubt.

-1
The worker deviates from the topic without asking questions, but by responding respectfully to the con-
versational agent when in doubt.

bear relationship with quality of outcome for difficult tasks.
We found that Involvement workers performed better in
terms of quality-related outcomes in tasks with higher dif-
ficulty levels, with statistical significance. These results sug-
gest that conversational style estimation could be a useful
tool for output quality prediction. We found that workers
with an Involvement style also tended to report significantly
higher scores on UES-SF questionnaire. Analysis of cog-
nitive task load revealed that workers of Involvement style
perceived less task load with higher difficulty levels with

statistical significance. Results found from the experiment
imply the conversational style estimation can be used for
worker performance prediction, to better enable adaptive
crowdsourcing strategies.

Conclusions
In this work, we explored how the conversational style of
a crowd worker could be reliably estimated during conver-
sational microtasking, and the relationship between con-
versational styles and quality-related outcomes, worker en-



gagement and cognitive task load. We found that workers’
Involvement conversational style relates with higher output
quality, higher user engagement and less perceived task
load in tasks with higher difficulty.
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