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Abstract
Endowing a task-oriented dialogue system
with adaptiveness to user personality can
greatly help improve the performance of a dialogue task. However, such a dialogue system can be practically challenging to implement, because it is unclear how user personality influences dialogue task performance. To
explore the relationship between user personality and dialogue task performance, we enrolled
participants via crowdsourcing to first answer
specified personality questionnaires and then
chat with a dialogue system to accomplish assigned tasks. A rule-based dialogue system
on the prevalent Multi-Domain Wizard-of-Oz
(MultiWOZ) task was used. A total of 211 participants’ personalities and their 633 dialogues
were collected and analyzed. The results revealed that sociable and extroverted people
tended to fail the task, whereas neurotic people were more likely to succeed. We extracted
features related to user dialogue behaviors and
performed further analysis to determine which
kind of behavior influences task performance.
As a result, we identified that average utterance length and slots per utterance are the key
features of dialogue behavior that are highly
correlated with both task performance and user
personality.

1

Introduction

verts in dialogue behavior, such as extroverts being
more talkative and using fewer words per utterance than introverts (Mairesse and Walker, 2007).
They further designed a parameterized natural language generation system named “PERSONAGE.”
Increasing applications of personality have been
put forward on a dialogue system that is able to
generate natural, coherent, and personalized utterances (Zheng et al., 2020). However, two problems
remain that hinder the dialogue system adapting to
user personality to achieve better task performance:
(1) what kind of personality traits are correlated
with task performance and (2) how the personality
influences the task performance.
In this work, we performed a case study analysis of user personality and task performance using a rule-based dialogue system on the prevalent Multi-Domain Wizard-of-Oz (MultiWOZ) task
(Budzianowski et al., 2018; Eric et al., 2020).
Specifically, we enrolled participants via crowdsourcing to first take several personality questionnaires and then interact with the dialogue system
via text chat to accomplish assigned tasks. Participants’ personality and dialogue data were collected.
We then analyzed the correlation between personality and task performance to identify the personalities highly correlated with task performance. Considering that the task performance largely depends
on the user’s dialogue behavior, we further examined the main features of dialogue behavior influenced by the identified personalities.
For data collection, we selected four mainstream
personality questionnaires that could possibly influence the dialogue task performance and use a
rule-based dialogue system for the MultiWOZ task
(Zhu et al., 2020). In total, 211 participants were
enrolled, and their personalities and 633 dialogues
were collected and analyzed. Five task performance metrics are used.
Our contributions are two-fold:

Personality is the characteristics of behavior, cognition, and emotional patterns that evolve from
biological and environmental factors (Corr and
Matthews, 2020). As a fundamental difference
between individuals, personality has been found to
influence the performance of task-oriented dialogue
systems, such as the user satisfaction to dialogue
systems (Cassell and Bickmore, 2003). Endowing
a task-oriented dialogue system with adaptiveness
to user personality is therefore essential to achieve
better dialogue task performance.
In a previous study, Mairesse and Walker analyzed the differences between introverts and extro263

• The correlation of user personality and task

Proceedings of the Third Workshop on Natural Language Processing for Conversational AI, pages 263–270
November 10, 2021. ©2021 Association for Computational Linguistics

performance is clarified by performing a largescale data collection experiment and analysis.
• By revealing the correlation between personality and dialogue behavior, the influence of
user personality on task performance is clarified.
The remainder of this paper is organized as follows. The related work on personality and dialogue
systems is presented in the next section. Section 3
describes the research approach and analysis procedures. The data collection and data analysis are
presented in Sections 4 and 5. Conclusions and
future work are addressed in the last section.

2

Related Work

and the template sentence with different syntactic styles. Qian et al. (2018) applied a profile
as personality into an encoder-decoder dialogue
system to increase the coherence of generated utterances. Zhang et al. (2018) proposed a dataset
named “Persona-Chat” containing a corpus with a
corresponding persona description to help build an
end-to-end chit-chat dialogue system with consistent personality and coherent utterance generation.
Towards a more user-adaptive dialogue system,
several researchers have investigated user-adaptive
dialogue systems. Komatani et al. (2003) focused
on a system that generates the responses to users’
information queries in accordance with their skill
with regard to the system, domain-related knowledge, and the degree of hastiness. Dohsaka et al.
(2010) developed a dialogue system that adapts
to users’ behavior regarding pause duration preceding system utterance and gaze to reduce user’s
discomfort during conversation. To increase user
engagement, Liang et al. (2020) proposed a system
that is able to select a chat topic in accordance with
user interests.
The aim of our research is to find out the influences of personality on task performance to benefit
further development of a dialogue system that can
adapt to user personality to achieve better dialogue
task performance.

Related studies can be classified into: (1) the exploration of correlations between personality and
dialogue system performance, (2) the application
of personality to a dialogue system, and (3) useradaptive dialogue system.
In the past decades, Nass and Lee (2000) explored the differences between extroverts and introverts in speaking, such as pitch and volume. Cassell
and Bickmore (2003) further identified that extroverts feel extroverted voices are generally more
credible, whereas introverts feel the opposite. Conscientiousness (the tendency to act in an organized
or thoughtful way) and agreeableness (the tendency
3 Approach
to be compassionate and cooperative toward others) have been found to be important factors influ- To explore the correlation between user personality
and dialogue task performance, a dataset is needed
encing the dialogue in customer service (Blignaut
that contains a variety of user personality traits
et al., 2014; Sackett and Walmsley, 2014). Qiu
(e.g.,
extraversion), dialogue data, and the correet al. (2017) examined the consistency of the corsponding dialogue task performances (e.g., task
relation between personality and word usage in
success rate).
different languages and found that such correlation
The data to be analyzed is collected via crowdis independent of language. Wang et al. (2020)
recently found that people with different personali- sourcing, and various features of dialogue behavior related to task feature, utterance feature, and
ties use different persuasion strategies, which can
action/utterance intent are extracted from the diapotentially be used by a personalized persuasion
logue data.
dialogue system. Although numerous studies have
found that personality is more or less related to diaAfter collecting a sufficient amount of data, user
logue behaviors, few studies have comprehensively
personality and task performance are explored in
investigated the influences of user personality on
three steps: (1) correlation analysis of user persondialogue task performance.
ality and dialogue task performance to identify the
As for applying personality to a dialogue system, personality traits highly correlated with task perforMairesse and Walker (2007) applied extraversion
mance; (2) correlation analysis of behavior feature
as the parameter of a natural language generation
and dialogue task performance to determine their
system, so as to generate personalized and natural
relevance; and (3) analysis of highly correlated
dialogue. Specifically, they used an extraversion
personalities, behaviors, and task performances to
parameter to control the communication content
figure out how a person’s personality influences
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task performance through dialogue behavior.

4

Category
• Male

Age

•
•
•
•

Education

• Less than four-year college
• Four-year college
• Postgraduate

Employment status

• Out of work
• Employed
• Homemaker
• Student
• Unable to work • Retired

How often use a
dialogue system

• Never
• Sometimes
• Very often

Data Collection

We designed a data collection task to obtain user
personality and dialogue data on the Amazon Mechanical Turk (AMT), a Human-Intelligence Task
(HIT) crowdsourcing platform. The task has been
approved by the ethical review of the relevant organization.
4.1

Description of HIT

Our HIT consisted of two main parts: personality
questionnaire and conversation with a dialogue system. Each enrolled participant (Turker) followed
a three-step procedure to chat with the dialogue
system:
1. The Turker carefully reads the description of
the assigned task before starting the conversation.
2. The Turker chats with the dialogue system
within 30 turns and tries his/her best to finish the assigned task; once the Turker has
covered all the items and accomplished the
tasks, he/she sends a “success” message to the
dialogue system to finish the current conversation.
3. The Turker rates the performance of the dialogue system on the metrics of language understanding, response appropriateness, and
satisfaction with the dialogue system.
The eligible Turkers should have (1) a HIT accomplishment number greater than 100, (2) a HIT
approval rate greater than 95%, and (3) have passed
our designed qualification test. The qualification
test contains two common-sense questions written
in English aiming at selecting English native speakers. Each Turker who finished our HIT received
$10 as a reward.
4.2

Description of Personality Questionnaire

Item

Gender

• Female

~19
30~39
50~59
70~

• Other

• 20~29
• 40~49
• 60~69

• Rarely
• Often
• Always

Table 1: Demographic categories

To cover a wide spectrum of user personality dimensions, we prepared four prevalent personality
questionnaires considering their potential correlations with task performance.
• Inclusion of Others in the Self (IOS) Scale:
IOS corresponds to how close the respondent
feels to another person or group (Aron et al.,
1992). The IOS scales from 1 to 7 in terms of
closeness.
• Big Five Personality Traits (BF-44): BF-44
contains 44 questions to identify five common
parameters of human personality: extraversion, neuroticism, agreeableness, conscientiousness, and openness to experience (Raad,
2000).
• Kikuchi’s Scale of Social Skills (KISS-18):
KISS-18 contains 18 questions to identify six
social skills (Takahashi et al., 2013): basic
skill, advanced skill, emotional management
skill, offense management skill, stress management skill, and planning skill.
• Adult Temperament Questionnaire (ATQ):
ATQ contains 77 questions to measure 13 user
temperaments with regard to four dimensions:
negative affect, extraversion, effortful control,
and orienting sensitivity (Evans and Rothbart,
2007).

Some personality recognition tools can be adopted
to measure the user personality directly from their
dialogue text, e.g., IBM Watson’s personality insights (Mostafa et al., 2016), but these tools can
only measure a few dimensions of personality with
User’s demographic information regarding age,
lower accuracy than personality questionnaires. gender, final education, occupation, and dialogue
Therefore, all users’ personalities were measured
system usage frequency were also collected, as prethrough personality questionnaires in this research. sented in Table 1.
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Domain
Restaurant

Info Slot
Area : South
Food : Indian
Price Range : Expensive

Hotel

Name : Gonville Hotel

Attraction

Area : Centre
Type : Theatre

Taxi

Departure : Hotel
Destination : Attraction
Leave At : 12:30

Request Slot
Address
Phone
Area
Postcode
Address
Phone
Entrance Fee
Address
Phone
Phone
Car Type

Table 2: An example task with very hard difficulty.
Note that these pieces of information are presented to
users in the form of a textual scenario so as to elicit
natural interaction from users.

4.3

Description of Dialogue System

Figure 1: Distribution of successful dialogue turns
Dataset Statistics
Participants
Dialogues
Avg. questionnaire time
Avg. dialogue time
Avg. task time
Avg. slots per dialogue
Avg. words per utterance
Avg. time per utterance
Success rate per dialogue
Avg. satisfaction score
Avg. understanding score
Avg. appropriateness score
Total unique tokens

211
633
905s
583s
2654s
14.8
7.9
21s
51%
2.3/5
2.6/5
2.7/5
2281

We utilized ConvLab-2, an open-source toolkit by
Zhu et al. (2020), in order to build the system for
data collection. The best performing rule-based dialogue system built by the ConvLab-2 on MultiWOZ
2.1 task (Eric et al., 2020) was selected. The rulebased dialogue system consists of four modules
Table 3: Statistics of collected data
in a pipeline structure: joint-BERT as natural language understanding (NLU) (Zhang et al., 2019),
rule-based dialogue state tracking, rule-based dia- a 50% success rate per dialogue, we performed
a small scale test with four levels of difficulty by
logue policy, and template-based natural language
changing the number of domains and correspondgeneration (NLG). For the system to smoothly chat
ing slots: easy (1 domain), normal (2 domains),
with the users, we further (1) limited the utterance
to contain a maximum of three sentences and (2) hard (3 domains), and very hard (4 domains). As
revised the grammar mistakes and a few inappropri- a result, we selected the task with the very hard
ate texts of the NLG module’s template utterances. level, which consists of four domains with 20 slots
in total. We designed three very hard tasks, one of
The MultiWOZ task requires the Turkers to play
which is shown in Table 2. We use the three tasks
the role of a tourist searching for information about
in the following data collection. We use this fixed
Cambridge, UK, and the dialogue system acts as an
set of tasks to examine behaviors/task performance
information desk clerk to help the tourist plan their
with the same stimuli.
tour. Four domains of MultiWOZ were selected to
generate the dialogue tasks, i.e., hotel, restaurant,
4.4 Data Statistics
train, and attraction. Each domain contains five
slots regarding user request. Below is an example
The statistics of the collected data are presented in
task description on the restaurant domain:
Table 3. In total, 211 participants were enrolled in
“You are looking for a restaurant called ‘Mahal
our tasks, and 633 dialogues were collected. We
of Cambridge’. Once you find the restaurant, make
observed that the average task (including four persure you get its address and phone number. You
sonality questionnaires and three rounds of converwant to book a table for 19:00 on Tuesday.”
sation with the same level of difficulty) took about
The difficulty of the task should be balanced to
44 minutes, and the success rate per dialogue was
ensure a task success rate per dialogue of about
about 51%. We present the distribution of dialogue
50% because the influences of user personality on
turns only from successful dialogues, as shown in
task performance will be revealed less if the task
Figure 1. We observed that there are two types
is too easy or too hard for the majority of Turkers
of users: one kind of user finished the dialogue
to accomplish. To balance the difficulty to ensure
tasks rapidly (within 11 to 15 turns), whereas the
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Education
Usage Frequency
IOS
Extraversion
Sociability
Neuroticism
Sadness
Neutral Perceptual Sensitivity
*p < .05

Task Success Rate Slot Filling Rate Satisfaction Understanding Appropriateness
.01
.06
−.07
−.13*
−.10
−.14*
−.10
.02
.00
−.10
−.07
−.09
.16*
.15*
.08
−.10
−.13*
.07
.03
−.02
−.08
−.10
.06
.06
.01
.06
.12*
−.01
.04
.02
.06
.14*
.07
.11
.11
.00
.13*
.00
.06
.08

Table 4: Correlation between user personality and task performance (selected by r ≥ 0.1)

other kind finished the task slowly (within 25 to 30
turns).

5

Data Analysis

The Pearson correlation coefficient r (range from
−1 to 1) is used for analysis. We first extracted a variety of dialogue behaviors and task performances
to be analyzed. We then analyzed the correlation
between user personalities and task performances.
We further clarified the influences of user personalities on task performances through dialogue behaviors that are highly correlated with personalities
and task performance.
5.1

Figure 2: Correlation heatmap of task performances

where numf illed_slot denotes the slots
user filled in three rounds of tasks, and
numtotal_slot implies the total slots of three
rounds of tasks (60 slots in our tasks).

Data Processing

The user dialogue behavior and task performance
parameter are necessary for our analysis. The dialogue behaviors extracted from the task data were
categorized into three aspects:
• Task Feature: Task feature contains questionnaire time, dialogue time, average utterance
time, and average slots covered per utterance.
• Utterance Feature: Utterance feature contains
average utterance length, the richness of word
token variability (reflecting vocabulary), and
part-of-speech tags.
• Action Intent: Action intent refers to user intent that is recognized by the dialogue system
from user utterances. In the rule-based dialogue system, the action intents are classified
into greet, inform, request, recommend, request more, thank, and say goodbye.
The values to represent task performance are categorized into two aspects:
• Objective Task Performance: Objective task
performance covers the task success rate and
slot filling rate rateslot as formulated below:
numf illed_slot
rateslot =
(1)
numtotal_slot

• Subjective Task Performance: Subjective task
performance contains the values of the evaluation metrics of dialogue system language
understanding, appropriateness of the generated utterances, and user satisfaction with the
dialogue system. The values scale from 1
(strongly disagree) to 5 (strongly agree).
To compare different task performance parameters,
a heatmap is provided in Figure 2, in which we can
see that there is a high correlation between task
success rate and slot filling rate, and a high correlation between satisfaction, understanding, and
appropriateness scores. However, the objective and
subjective task performance values do not show a
high correlation.
5.2

Analysis between User Personality and
Task Performance

To identify the user personalities highly correlated
with task performance, we performed the correlation analysis between user personality and five task
performances, as presented in Table 4. The five
task performances are task success rate, slot filling
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Slots per Utt.
Avg Utt. Length
User Vocabulary
Request
Recommend
*p < .05, **p < .01

Task Success Rate
.70**
.28**
−.14*
.58**
−.16*

Slot Filling Rate
.72**
.41**
−.02
.58**
−.35**

Satisfaction
.29**
.01
−.18**
.23**
.21**

Understanding
.30**
.12
−.16*
.17*
.16*

Appropriateness
.33**
.11
−.21**
.19**
.16*

Table 5: Correlation between dialogue behavior and task performance (selected by r ≥ 0.1)

rate, and average task performance over three dialogues with regard to satisfaction, understanding,
and appropriateness. Only those user personalities correlated to task performances with correlation value r no less than 0.1 are shown in Table 4.
User personality showed a weak correlation with
task performance; the highest correlation was determined between the IOS score and the satisfaction
with the dialogue system, reaching .16 (significance
level p < .05).
Table 4 shows that: (1) the higher a person’s
final education level, the lower he/she rates the
response appropriateness of the dialogue system;
(2) the more frequently a person uses the dialogue
system, the less likely he/he is to succeed in the
task; (3) extroverted and sociable people tend to
fail the task; and (4) neurotic and sensitive people
who often feel sad are more likely to succeed in the
task. The correlation could be categorized into intuitive correlations (e.g., highly educated people are
unsatisfied with the dialogue system) and counterintuitive correlations (e.g., extroverted and sociable
people tend to fail the task). User personality and
task performance are further analyzed in view of
dialogue behavior in the next subsections to better understand the intuitive and counter-intuitive
correlations.
5.3

Analysis between Dialogue Behavior and
Task Performance

Figure 3: Average utterance time, slots per utterance
and user utterance length on number of successful tasks

of successful tasks are plotted in Figure 3. The plotbox shows the maximum, 75 percentile, average,
25 percentile, and the minimum value. Apparently,
the users who succeeded in more tasks have an
upward trend in the parameters of the plot-box,
which shows that their average utterance time and
user utterance length are longer, and their slots per
utterance are larger.
5.4

Analysis of User Personality and Task
Performance through Dialogue Behavior

Since a set of dialogue behaviors was identified
to be highly correlated with dialogue performance,
As shown in Table 5, the selected dialogue behavior
we further explored the influences of user personexhibited a moderate or strong correlation with the
ality on task performance through dialogue betask performance. The correlation coefficient r
havior. The dialogue behaviors highly correlated
between slots per utterance and filled slots reached
with those personalities (r ≥ 0.1) and task perfor.72 (p < .01). The request intent (e.g., “What is the
mances (r ≥ 0.2) in Table 4 are selected in the
price for a ticket?”) and recommend intent (e.g., subsequent analysis.
“How about Lensfield hotel?”) recognized by the
The selected personality, dialogue behavior, task
dialogue system are highly correlated with filled
performance, and correlations of corrps,be , and
slots.
corrbe,pf are shown in Table 6. corrps,be and
To better illustrate the correlation between dia- corrbe,pf are correlations of dialogue behavior relogue behavior and task performance, comparisons
spectively with personality and task performance.
among average utterance time, slots per utterance, The table shows that: (1) people with higher final
and user utterance length depending on the number
education levels use a more enriched vocabulary
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Personality
education
usage frequency
sociability
extraversion
neuroticism
sadness
neutral perceptual sensitivity
neutral perceptual sensitivity
*p < .05, **p < .01

corrps,be
.13*
−.10
−.13
.15*
.11
.14*
.13*
.10

Behavior
vocabulary
slots per utt
slots per utt
recommend
average utt length
average utt length
average utt length
slots per utt

corrbe,pf
−.21**
.42**
.44**
−.35**
.41**
.41**
.41**
.44**

Performance
appropriateness
task success rate
slot filling rate
slot filling rate
slot filling rate
slot filling rate
slot filling rate
slot filling rate

Table 6: Associations among personality, dialogue behavior and task performance

and thereby tend to negatively evaluate the appropriateness of the dialogue system generating utterances by fixed templates; (2) people who usually
use a dialogue system or are social or insensitive
to external stimuli use utterances containing fewer
slots in our designed task, which thus results in
failure of the task; (3) extroverted people are more
likely to use sentences like “How about” (with an
underlying recommendation intent); and (4) neurotic and sensitive people who often feel sad tend
to use longer utterances that are likely to contain
more slots.

6

Conclusion and Future Work

pret the correlations we observed in the experiment.
Furthermore, the dialogue system adapting to user
personality should be implemented to ascertain its
dialogue task performance.

7
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