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Abstract
A key challenge in designing conversational user interfaces is to make the conversation between the
user and the system feel natural and human-like. In order to increase perceived humanness, many systems with conversational user interfaces (e.g., chatbots) use response delays to simulate the time it
would take humans to respond to a message. However, delayed responses may also negatively impact
user satisfaction, particularly in situations where fast response times are expected, such as in customer
service. This paper reports the findings of an online experiment in a customer service context that investigates how user perceptions differ when interacting with a chatbot that sends dynamically delayed
responses compared to a chatbot that sends near-instant responses. The dynamic delay length was calculated based on the complexity of the response and complexity of the previous message. Our results
indicate that dynamic response delays not only increase users’ perception of humanness and social
presence, but also lead to greater satisfaction with the overall chatbot interaction. Building on social
response theory, we provide evidence that a chatbot’s response time represents a social cue that triggers
social responses shaped by social expectations. Our findings support researchers and practitioners in
understanding and designing more natural human-chatbot interactions.
Keywords: Chatbot, response delay, social cue, perceived humanness, social presence.

1

Introduction

As with many promising technologies, conversational user interfaces are getting hyped as the ”next big
thing” (Gartner, 2017). These interfaces enable users to interact with information and communications
technology (ICT) using natural language, just like engaging in a conversation with another human being
(Dale, 2016; McTear et al., 2016). Well-known examples of systems that build on conversational user
interfaces can be found in mobile devices (e.g., Apple’s Siri) or on instant messaging platforms (e.g.,
Facebook Messenger chatbots). Recent technological advancements combined with the shift towards
messaging as a primary channel for both personal and professional communication have contributed to
the enormous increase in popularity of chatbots in particular (Dale, 2016; Følstad and Brandtzæg, 2017).
Across all industries, companies are experimenting with or have already implemented chatbots in an
effort to support users in finding relevant information about products and services as well as carrying
out basic tasks to facilitate transactions (e.g., book flights). However, despite the hype, interacting with
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chatbots often feels unnatural and awkward (Ben Mimoun et al., 2012; Moore et al., 2017; Schuetzler
et al., 2014). Due to the complexity of natural language, there are still difficulties in understanding ambiguous user input (Klopfenstein et al., 2017; Moore et al., 2017). However, it has been realized that
human-chatbot interaction is also constrained by the fact that designing conversational user interfaces
is quite different from designing graphical user interfaces (Følstad and Brandtzæg, 2017; Jenkins et al.,
2007). While user interface design commonly focuses on graphical elements and site structures, the
design of human-chatbot interaction critically rests on the way conversations are facilitated (Følstad and
Brandtzæg, 2017). Specifically, the design of natural conversations has been identified as a key challenge for increasing user satisfaction and adoption of chatbots (Moore et al., 2017).
Researchers have studied chatbots and other types of conversational agents for decades, starting with
the well-known ELIZA (Weizenbaum, 1966). We regard chatbots as a subclass of conversational agents
that are designed to interact with users using written, natural language, typically in messaging applications or on websites (Følstad and Brandtzæg, 2017). Since chatbots can fulfill the role of service employees (Larivière et al., 2017) and are able to support consumers in their decision-making when searching for and selecting products, they can also act as recommendation agents (Qiu and Benbasat, 2009;
Wang et al., 2016; Xiao and Benbasat, 2007). Several studies on recommendation agents (e.g., Qiu and
Benbasat, 2009) and chatbots (e.g., Appel et al., 2012; Schuetzler et al., 2014) have investigated how
human-like characteristics of such systems influence users’ perception and behavior. Moreover, researchers in the field of human-computer interaction (HCI) have shown that users mindlessly apply
social rules and expectations in their interaction with computers that use natural language or display
other human characteristics (Nass et al., 1994; Nass and Moon, 2000). These “social cues” can substantially affect users’ perception, which significantly impacts adoption and use of these systems (Candello
et al., 2017; Kang and Gratch, 2014; Nass and Moon, 2000).
System response time has been identified as a critical factor for user satisfaction and productivity
(Hoxmeier and DiCesare, 2000; Muylle et al., 2004). In human-chatbot interaction, response time can
play an important role in how users perceive a chatbot (Fraser, 1997; Holtgraves et al., 2007; Moon,
1999). Generally, it is assumed that very fast responses make a chatbot appear unhuman-like (Holtgraves
and Han, 2007) and do not give users the feeling of a natural conversation (Appel et al., 2012; Shechtman
and Horowitz, 2003). Since current chatbots are able to respond almost instantly to a user’s input, some
of them delay their responses to simulate the time it would take a human to read messages and respond
to them (Appel et al., 2012; Klopfenstein et al., 2017; Shechtman and Horowitz, 2003). The underlying
assumption is that delayed responses increase a chatbot’s perceived humanness and make conversations
more natural (Appel et al., 2012; Klopfenstein et al., 2017). However, delayed responses may also negatively impact user satisfaction (Hoxmeier and DiCesare, 2000; Taylor et al., 2016), particularly in situations in which users expect fast response times, such as customer service (McLean and Wilson, 2016;
Song and Zinkhan, 2008). For example, a slow response time of customer service agents in live chat
negatively influences user satisfaction and website quality perceptions (Song and Zinkhan, 2008).
So far, only little empirical research has been conducted on the impact of response delays on users’
perception of chatbots. Previous research has analyzed how users perceive the persuasiveness and personality of chatbots with different response times (Holtgraves et al., 2007; Moon, 1999). Although these
studies have been conducted in different contexts, they provide inconsistent findings on the effect of
response delays: While Moon (1999) finds that users negatively evaluate short response times (i.e., indicating a lack of cognitive effort), Holtgraves et al. (2007) argue that a chatbot that responds quickly
may be perceived more positively than a chatbot sending delayed responses. Based on these inconsistent
findings, we argue that there is a lack of understanding as to whether delayed responses result in more
favorable perceptions of a chatbot. More specifically, it is unclear whether dynamically delayed responses (e.g., delays based on message characteristics, such as complexity), as compared to near-instant
responses, can increase a chatbot’s humanness and make the conversation feel more natural in a customer service context. Addressing this gap is not only important because of the growing use of chatbots
in customer service (Gartner, 2018), but also because response delays are increasingly implemented in
practice, despite the uncertainty about their impact on users’ perceptions (Crozier, 2017; Klopfenstein
et al., 2017). Therefore, we address the following research question:
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How do dynamically delayed responses affect users’ perception of a
customer service chatbot as compared to near-instant responses?
In this paper, we present the results of a two-condition online experiment addressing the effect of dynamically delayed responses on users’ perception of a customer service chatbot. Drawing on social response theory (Nass et al., 1994; Nass and Moon, 2000; Reeves and Nass, 1996), we investigate the
effect of dynamic delays on perceived humanness and social presence as well as on user satisfaction
with the chatbot interaction. Our results show that dynamically delayed responses, as compared to nearinstant responses, not only increase a user’s perception of a chatbot’s humanness and social presence,
but also lead to a greater satisfaction with the overall interaction. Overall, our research contributes to
the current discussion on how to design conversational user interfaces and, particularly, chatbots to make
the interaction feel more natural. Additionally, our formula for calculating dynamic response delays
benefits practitioners, such as chatbot designers, by providing them with an easily applicable technique
for improving human-chatbot interaction. Our main theoretical contribution is to show that response
time is a social cue that generates social responses from users.
The remainder of this paper is organized as follows. Section two introduces related work on chatbots
and response time as well as theoretical foundations. In section three, we derive three hypotheses concerning the effect of dynamically delayed responses. Subsequently, we describe our research method
and present the results of our analysis. In section six, we discuss the implications of our results based on
social response theory and provide design implications for chatbots and conversational user interfaces
in general. We then conclude the paper with a summary of our main findings and contributions.

2

Related Work and Theoretical Background

The idea of humans interacting with intelligent systems using natural language has been around for
decades and has been featured in many science fiction books and movies (McTear et al., 2016). With
recent advances in technology, many ICTs now provide conversational user interfaces, ranging from
smartphones (e.g., Apple’s Siri, Samsung’s Bixby) and smart speakers (e.g., Amazon’s Alexa) to personal computers (e.g., Microsoft’s Cortana). While these voice-based “personal assistants” have become
very popular in the last years (Maedche et al., 2016), organizations are increasingly shifting their attention to chatbots that build on text-based conversational user interfaces (Gnewuch et al., 2017) and can
be made available on instant messaging platforms or websites (Gartner, 2017; Klopfenstein et al., 2017).
Chatbots have their origins in the ELIZA system developed by Weizenbaum (1966). While early chatbots were built to simulate human conversation using pattern matching algorithms, recent technological
advances have enormously improved their capabilities (Knijnenburg and Willemsen, 2016; McTear et
al., 2016). Consequently, many organizations are investigating how they can make use of chatbots, for
example, as a cost-effective solution in customer service (Oracle, 2016). Examples can be found in
industries ranging from travel (e.g., online check-in or flight booking) and retail (e.g., product selection)
to financial services (e.g., money transfer).
Although a vast amount of research has been conducted on chatbots and conversational user interfaces
in general, most studies focus on their technical aspects, such as by developing better natural language
processing algorithms or new architectures (Chakrabarti and Luger, 2015; Sarikaya, 2017). Therefore,
it has been largely neglected that other factors can also significantly influence the human-chatbot interaction (Følstad and Brandtzæg, 2017). In the following, we introduce related work on one such factor:
a chatbot’s response time. Subsequently, we provide an overview of social response theory that serves
as the theoretical foundation for our research.

2.1

Response Time of Chatbots

Research has shown that a system’s response time (sometimes also called response latency or response
speed) is an important factor that influences user satisfaction and other aspects related to perceived
system quality (Hoxmeier and DiCesare, 2000; Rushinek and Rushinek, 1986; Taylor et al., 2016;

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth,UK, 2018

3

Gnewuch et al. / Response Delays in Human-Chatbot Interaction

Wixom and Todd, 2005). In the context of face-to-face and computer-mediated communication, response time has also been found to affect people’s impressions of others (Ho et al., 2016; Moon, 1999).
Here, response time refers to the amount of time it takes for a person to respond to the sender’s input as
well as the lag time between messages (Moon, 1999). Short response times are perceived as a lack of
thought and cognitive effort, whereas long response times are perceived as an indication of deception
(Ho et al., 2016; Moon, 1999).
In human-chatbot interaction, response time can be expected to affect conversation flow, message content, and a user’s judgement of whether s/he is talking to a computer or human (Fraser, 1997). While
only a few researchers have explicitly investigated how different response times influence human-chatbot interaction, several studies can be found that delayed the responses of a chatbot (or other systems
with a conversational user interface) to simulate the time it would take a human to read and respond to
a message (Appel et al., 2012; Holtgraves and Han, 2007; Shechtman and Horowitz, 2003; Skowron et
al., 2011). For example, Appel et al. (2012) delayed the responses of a chatbot by 15-30 seconds to “give
the participant a feeling of real-time conversation” (p. 4). Holtgraves and Han (2007) calculated a time
delay for each response by a chatbot based on its number of characters (i.e., 50 milliseconds per character). Shechtman and Horowitz (2003) implemented a delay “which helped to maintain the illusion that
a partner was taking the time to read and respond” (p. 4). However, only the studies by Moon (1999)
and Holtgraves et al. (2007) have specifically varied a chatbot’s response time using static delays to
understand the effects on users’ perception. Moon (1999) found that response time significantly influences the persuasiveness of a chatbot’s messages. In a lab experiment in which participants had to solve
the desert survival problem (Lafferty et al., 1974) with a chatbot, information by the chatbot was found
more persuasive when responses were sent with a moderate (5-10 s) rather than a short (0-1 s) or long
(13-18 s) response delay. However, in an online experiment conducted by Holtgraves et al. (2007), a
chatbot that responded relatively quickly (1 s) was perceived as more conscientious and extraverted than
a chatbot that responded more slowly (10 s). In this experiment, participants had a general conversation
with an ALICE chatbot before being asked to rate the chatbot’s personality (Goldberg, 1992). Although
their experimental design did not include a condition with a medium length delay, they suggest that a
“bot that responds quickly may be perceived more positively than a slowly-responding bot” (Holtgraves
and Han, 2007, p. 2172). Based on the findings of both studies, we argue that it is not clear whether
delayed responses will result in more favorable perceptions of a chatbot. Although the aforementioned
studies have been conducted in different contexts, they provide inconsistent findings on the effect of
response delays. However, despite this uncertainty, it is common practice for many chatbot designers to
introduce delays in an effort to make the conversation with their chatbots more natural and human-like
(Crozier, 2017; Klopfenstein et al., 2017). Therefore, we argue that there is a need to better understand
the effect of response delays of chatbots (e.g., in form of dynamic delays).

2.2

Social Response Theory: Computers are Social Actors

Social response theory posits that social cues from computers, such as interacting with others, using
natural language, or playing social roles, trigger mindless responses from humans, no matter how rudimentary those cues are (Moon, 2000, 2003; Nass et al., 1994; Nass and Moon, 2000; Reeves and Nass,
1996). This theory emerged from the “Computers are Social Actors” (CASA) paradigm (Nass et al.,
1994) and many studies, particularly in the field of HCI, have used it as a theoretical foundation to
explain the effects of different social cues on the perception of human-like technologies.
Following the CASA paradigm, researchers have also investigated how users respond to social cues
from chatbots and other systems with conversational user interfaces (e.g., embodied conversational
agents). The majority of studies has examined the effect of visual cues such as the presence of a virtual
character (von der Pütten et al., 2010), smiling (Verhagen et al., 2014), or the typefaces used in the
conversational user interface (Candello et al., 2017). However, other types of social cues have also been
found to affect users’ perception of a chatbot such as the degree of interactivity (Schuetzler et al., 2014),
communication style (Verhagen et al., 2014), or assumed agency (i.e., whether users think they are
interacting with a human or computer) (Appel et al., 2012). The common understanding in this area of
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research is that even minimal social cues can generate a wide range of social responses from users
(Candello et al., 2017; Nass et al., 1994).
As illustrated in the previous section, a chatbot’s response time can also trigger social responses that are
shaped by users’ social expectations. For example, response time has been found to influence the persuasiveness of a chatbot’s messages (Moon, 1999) and perceptions of a chatbot’s personality
(Holtgraves et al., 2007). Therefore, we argue that response time represents a social cue that plays an
important role in the interaction with a chatbot. Even though users know they are interacting with a
chatbot (i.e., with a machine that does not need to read, think about, or enter a message on a keyboard),
they still expect certain characteristics of human conversation in their interaction (Nass et al., 1994;
Nass and Moon, 2000). More specifically, fast responses will be perceived as unnatural because humans
would not be able to respond instantaneously, as their response time depends, for example, on the complexity of the message. Therefore, it can be argued that responses sent after a dynamic delay may “make
the conversation more familiar to the user” (Klopfenstein et al., 2017, p. 559). Thus, dynamically delayed responses that, in some way, reflect the time a human would need to (1) read and process a message by another person as well as to (2) formulate and enter a response, may better match a user’s social
expectations and thus, positively influence their perception of a chatbot.

3

Hypotheses

Although little empirical research has been conducted on how response delays affect users’ perception
of chatbots (Holtgraves et al., 2007; Moon, 1999), many researchers as well as practitioners have used
response delays in an effort to make their chatbots appear more human-like and make the interaction
feel more natural (Appel et al., 2012; Crozier, 2017; Klopfenstein et al., 2017; Shechtman and Horowitz,
2003). Drawing on social response theory (Nass et al., 1994; Nass and Moon, 2000; Reeves and Nass,
1996), we investigate how dynamically delayed compared to near-instant responses affect users’ perception of chatbots. In the following, we formulate three hypotheses regarding the effect on perceived
humanness, social presence, and satisfaction.
According to social response theory, users respond to human characteristics in their interaction with a
computer, even if they know that they are not interacting with a human being (Nass and Moon, 2000).
Since previous research has found that response time influences the persuasiveness of a chatbot’s messages (Moon, 1999) and perceptions of a chatbot’s personality (Holtgraves et al., 2007), it can be argued
that response time also serves as a social cue that triggers social responses. In contrast to human users
who need some time to read and respond to a message (e.g., in instant messengers), chatbots can respond
almost instantly. However, many researchers discovered that quick responses make a chatbot appear
unhuman-like (Appel et al., 2012; Holtgraves et al., 2007; Shechtman and Horowitz, 2003). Consequently, we argue that a chatbot using dynamic delays calculated based on message complexity will be
perceived as more human-like (for details on the calculation, see section 4.3). This is because dynamic
delays correspond to the time that a human would need to read and respond (i.e., more complex messages
take more time to read and more complex responses take more time to formulate) (Mentzer et al., 2007;
Vronay et al., 1999). Thus, we propose that:
H1: A customer service chatbot that sends dynamically delayed responses will yield a higher level of
perceived humanness than a customer service chatbot that sends near-instant responses.
The concept of social presence has long been employed to study the social aspects of technologies, such
as websites (Cyr et al., 2009), recommendation agents (Qiu and Benbasat, 2009), or avatars (von der
Pütten et al., 2010). Social presence was originally defined as “the degree of salience of the other person
in a mediated communication and the consequent salience of their interpersonal interactions” (Short et
al., 1976, p. 65). However, Gefen and Straub (2004) suggest that “the perception of social presence can
still be created despite the lack of actual human contact” (p. 410). Following this perspective on social
presence, many studies have shown that social cues from technology create perceptions of social presence (Gefen and Straub, 2003; Hassanein and Head, 2007; Hess et al., 2009). Therefore, we argue that

Twenty-Sixth European Conference on Information Systems (ECIS2018), Portsmouth,UK, 2018

5

Gnewuch et al. / Response Delays in Human-Chatbot Interaction

feelings of a chatbot’s social presence can also be installed through dynamically delayed responses because they simulate a sense of interacting with another human. In contrast, near-instant responses are
less able to convey feelings of social presence. Thus, we hypothesize that:
H2: A customer service chatbot that sends dynamically delayed responses will yield a higher level of
perceived social presence than a customer service chatbot that sends near-instant responses.
In the context of customer service, satisfaction is an important indicator of how customers feel about
their interaction with a service provider (Barger and Grandey, 2006; Oliver, 1997). According to Bitner
et al. (2000), technology is a key enabler of service encounter satisfaction and can be used to provide
customers with pleasing experiences. Current technologies are able to incorporate a range of social cues
(e.g., friendliness, smiling) that are important for delivering successful service encounters (van Doorn
et al., 2017; Verhagen et al., 2014). Assuming that a chatbot’s response time also represents a social
cue, we argue that it also influences how satisfied users are with the chatbot interaction. Moreover, in
human-human communication, too short response times are perceived as a lack of thought and cognitive
effort (Kang et al., 2013; Moon, 1999). Therefore, dynamically delayed responses can convey the impression to users that the chatbot puts more cognitive effort into its responses, instead of just quickly
“firing off“ a response. Thus, we propose that:
H3: Users will be more satisfied with the interaction with a customer service chatbot that sends
dynamically delayed responses than with the interaction with a customer service chatbot that sends
near-instant responses.
Figure 1 depicts our research model and hypotheses.
Chatbot Responses

Perceived humanness

Dynamically delayed

H1
H2

Near-instant

H3

Social presence
Satisfaction

Figure 1: Research model

4

Method

To investigate whether dynamic response delays influence users’ perception of chatbots, we conducted
an online experiment in a customer service context. In the following, we describe our experimental
design, our formula for calculating dynamic delays, and the measures used in the post-experiment questionnaire.

4.1

Experimental Design

We used a between-subjects design with two experimental conditions: near-instant responses (Control)
and dynamically delayed responses (Treatment). In the near-instant condition, participants interacted
with a chatbot that sent responses almost instantly. This means that its responses were only delayed by
the time required by the network to send user input to the chatbot and return its response (i.e., caused by
physical limits of data transmission). Therefore, the chatbot’s response time was relatively consistent
with an average of one second. In the dynamic delay condition, participants interacted with a chatbot
that sent responses after an additional, dynamically calculated delay. This delay was calculated based
on message complexity and is described in detail in section 4.3. In both conditions, participants were
informed before the experiment that they were interacting with a chatbot, not a human. Our experimental
platform randomly assigned the participants to one of the two conditions.
To conduct the experiment, we developed two chatbots using Microsoft’s Bot Builder software development kit. They were integrated into the experimental platform via a simple chat window (see Figure
2) and a custom-built interface that communicated with the chatbots’ messaging endpoint. Microsoft’s
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Language Understanding Intelligent Services (LUIS) was used to process natural language user input
(i.e., to recognize user intentions and extract entities, such as the names of different mobile phone plans).
Both chatbots used the same language model and had identical dialogs implemented. The only difference
between them was their respective response time. All conversation data was stored in a log file for
subsequent analysis.

4.2

Experimental Task

The online experiment was conducted in a customer service context. As illustrated in Figure 2, participants were shown a fictitious copy of last month’s mobile phone bill, which indicated that their current
plan did not fit their actual usage patterns (e.g., their data usage was much higher than the amount included in their plan, resulting in high additional costs). Therefore, participants were asked to interact
with a chatbot to find out whether they could save money by switching to a better mobile phone plan.
The chatbot was introduced as an expert on the plans of all mobile phone providers (i.e., analogous to
online price comparison portals). During the conversation, the chatbot asked about the participant’s usage patterns (e.g., how much data was used). Some of the information was given on the fictitious bill,
but participants could freely choose additional features (e.g., international calling) and decide how much
they would be willing to pay for a new plan. After collecting all information, the chatbot recommended
a randomly generated plan that better met the participant’s requirements. We selected this experimental
task because it represents a relatively realistic scenario for a human-chatbot interaction and similar scenarios have been used by previous studies (e.g., Jenkins et al., 2007; Verhagen et al., 2014). Although
our chatbot was able to understand and process most of the participant’s input regardless of the precise
wording used, we decided to implement a relatively structured dialog to ensure a high level of comparability across the two treatment conditions (i.e., all participants had a similar conversation with the
chatbot).

Figure 2. Experimental task and setup

4.3

Treatment Configuration: Dynamic Response Delays

To derive a formula for calculating dynamic response delays, we reviewed literature on chatbots and
conversational agents in information systems (IS), HCI, and related domains. Interestingly, previous
work has primarily used static or random time delays, independent of the characteristics of the response
or previous message (e.g., Appel et al., 2012; Holtgraves et al., 2007; Shechtman and Horowitz, 2003).
However, human response time depends on both the message received (e.g., reading and making sense
of it) and the subsequent response (e.g., entering it in the chat box) (Derrick et al., 2013). Holtgraves
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and Han (2007) calculated a response delay based on the number of characters of the chatbot’s response
(i.e., 50 milliseconds per character), but did not consider the message sent by a user before or other
factors that affect the response time. Literature on face-to-face and computer-mediated communication
states that a person’s response time is primarily made up of two components: (1) the time required to
read and process another person’s message, and (2) the time required to formulate and write a response
(Derrick et al., 2013; Mentzer et al., 2007; Vronay et al., 1999). Both parts depend on the complexity of
the individual message, such that more complex messages take longer to read and more complex responses longer to formulate (Mentzer et al., 2007). Semantic difficulty and syntactic complexity have
been used as indicators of the complexity of a text (Lennon and Burdick, 2004). While semantic difficulty describes the use of words, their structure and length, syntactic complexity primarily reflects the
sentence length. Several complexity measures have been used in research (Khawaja et al., 2010). We
selected the Flesch-Kincaid grade level (Kincaid et al., 1975) because it has been used before to determine the complexity of a message in computer-mediated communication (Walther, 2007). It calculates
the language complexity (C) of a message (m) using average sentence lengths and average syllables per
word according to the following formula (Kincaid et al., 1975):
𝐶(𝑚) = 0.39 ∗ (

𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠
𝑡𝑜𝑡𝑎𝑙 𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠
) + 11.8 ∗ (
) − 15.59
𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠

The complexity values range from -3.40 to positive infinity. Based on that, we calculate a time delay
(D) in milliseconds for any given message (m) using the complexity value (C(m)) as input:
𝐷(𝑚) = 0.5 ∗ ln(𝐶(𝑚) + 0.5) + 1.5,
𝐷(𝑚) = 0

𝐶(𝑚) > 0
𝐶(𝑚) ≤ 0

We calibrated this formula using feedback from pretests with four researchers not involved in this study.
For short messages with a low complexity (C(m) ≤ 0), the delay was set to zero. Using this formula, we
calculated a delay for (1) the previous message (mn-1) that was sent either by the user or by the chatbot
and (2) the response sent by the chatbot (mn). This was because some of the chatbot’s responses were
segmented into multiple, consecutive messages and not sent as a single, aggregated one. Finally, both
delays were summed up to calculate the total delay (Dtotal) in milliseconds:
𝐷𝑡𝑜𝑡𝑎𝑙 (𝑚𝑛 ) = 𝐷(𝑚𝑛−1 ) + 𝐷(𝑚𝑛 )

Thus, responses from the chatbot were sent with an additional, dynamically calculated delay. More
complex responses following a more complex message from the user were noticeably delayed (for examples, see Table 1). Less complex responses were only minimally delayed (if at all). The result of our
calculation cannot be regarded as the “optimal” delay because many other factors might influence the
perception of a response time (e.g., familiarity with chatbots). Nevertheless, we argue that the formula
provides a sufficient approximation for this experiment. Table 1 exemplary illustrates how the total
dynamic delay lengths correspond to the complexity of two interrelated messages.
Messages exchanged between
human and chatbot
Human: “Hey”
Chatbot: “Hey”
Human: „Help me!“
Chatbot: “If you need a new mobile phone plan, try asking me things like: 'new mobile phone plan'”
Human: „Yes, I often travel on business to Asia and
North America.”
Chatbot: „Okay, final question: How much are you willing to spend on a mobile phone plan per month?”

Message
complexity
0
0
0
4.922

Total response delay
0ms + 0ms = 0ms
0ms + 2351ms = 2351ms

2.504
2049ms + 2126ms = 4175ms
2.995

Table 1. Examples of how the dynamic response delay was calculated
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It must be noted that the dynamic delay length does not include the network delay of approximately one
second that is caused by physical limits of data transmission over the Internet. For the chatbots in both
conditions, this was the time required to send user input to the chatbot’s messaging endpoint, to make a
call to the natural language processing service LUIS, and to return the response to the user.

4.4

Measures

After interacting with the chatbot, participants were asked to complete a questionnaire about their perception of the chatbot and their opinion of their conversation. All measures in the questionnaire were
adapted from established measurement instruments, namely perceived humanness (Holtgraves et al.,
2007; Holtgraves and Han, 2007), social presence (Gefen and Straub, 1997), and service encounter satisfaction (Verhagen et al., 2014). Perceived humanness was measured on a 9-point semantic differential
scale, while all other items were measured on a 7-point Likert scale. Table 2 lists all measurement items
used as well as the composite reliability (CR) and average variance extracted (AVE) for each construct.
Measures

Factor loading

Perceived humanness (CR = .891, AVE = .673)
extremely inhuman-like - extremely human-like
extremely unskilled - extremely skilled
extremely unthoughtful - extremely thoughtful
extremely impolite - extremely polite
extremely unresponsive - extremely responsive
extremely unengaging - extremely engaging

.842
.852
.861
dropped (.570)
dropped (.496)
.719

Social presence (CR = .952, AVE = .800)
I felt a sense of human contact with the chatbot.
I felt a sense of personalness with the chatbot.
I felt a sense of sociability with the chatbot.
I felt a sense of human warmth with the chatbot.
I felt a sense of human sensitivity with the chatbot.

.896
.854
.912
.895
.914

Service encounter satisfaction (CR = .814, AVE = .595)
How satisfied are you with the chatbot’s advice?
… the way the chatbot treated you?
… the overall interaction with the chatbot?

.702
.756
.849

CR = Composite Reliability, AVE = Average Variance Extracted

Table 2. Measures used in the post-experiment questionnaire
We dropped two items (polite and responsive) from the perceived humanness construct because of factor
loadings below .60 (Gefen and Straub, 2005). As shown in Table 2, all constructs display sufficient CR
above .80 and an AVE above a suggested level of .50 (Urbach and Ahlemann, 2010).
In addition, we collected demographic information (age, gender, and education) and asked participants
about their frequency of using personal assistants (e.g., Siri, Alexa) and chatbots (e.g., on Facebook
Messenger, Telegram, or websites), ranging from “never” to “daily”. Finally, we asked the participants
for general feedback with an open-ended question (“What did you like about the chatbot / experiment?”).

4.5

Participants

With an a priori power analysis using G*Power (Faul et al., 2007), we determined a sample size of at
least 70 subjects (effect size = .80, alpha = .05, and power = .95). We recruited participants using mailing
lists and personal networks. Participants were not compensated for their participation. Of the total of
163 participants invited, 84 participants completed the online experiment and post-experiment questionnaire (response rate = 52%). Five responses were discarded because these participants either did not
follow the experimental task or provided straight-lined responses in the questionnaire. Hence, the dataset
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contains 79 observations (25 females and 54 males; mean age = 28.835, SD = 6.388). Most of the participants had a university education (Bachelor = 17, Master = 39, and PhD = 9). Moreover, most of the
participants reported that they either never use voice-based personal assistants (n = 41) or use them only
about once a month (n = 17). Similarly, they stated that they either never use chatbots (n=43) or use
them only about once a month (n = 21). In total, 44 participants were in the dynamic delay condition
and 35 were in the near-instant condition. The unequal distribution across the two conditions was due
to the random assignment of participants by our experimental platform that did not account for participants who did not complete the study.

5

Results

Table 3 shows descriptive results and test statistics for all measures used in our questionnaire. Additionally, Figure 3 depicts the bar charts with error bars of our results. Before conducting the analysis, we
checked for the homogeneity of variance of all measures. Next, we tested for a significant difference
between both conditions using Student’s t-tests (for perceived humanness and social presence; homogeneous variances) and Welch’s t-tests (for satisfaction; non-homogenous variances). All tests were performed one-sided to examine whether dynamically delayed responses (= Treatment) positively affect
users’ perception of chatbots (i.e., in comparison to near-instant responses = Control).

Condition
Dyn. Delayed
(Treatment)
Near-instant
(Control)
Test statistic
Hypothesis
1

n

Perceived humanness1
Mean
SD
SE

Social presence2
Mean
SD
SE

Satisfaction2
Mean
SD
SE

44

5.534

1.674

0.252

3.695

1.507

0.227

5.174

0.974

0.147

35

4.457

1.878

0.317

2.954

1.425

0.241

4.610

1.344

0.227

t(77)=-2.691, p=0.004, r=.293

t(77)=-2.224, p=0.015, r=.246

t(60.04)=-2.088, p=0.021, r=.260

H1 confirmed

H2 confirmed

H3 confirmed

measured on a 9-point semantic differential scale | 2 measured on a 7-point Likert scale | SD = standard deviation | SE = standard error

Table 3. Descriptive results and test statistics for both conditions
Our results reveal that there is a significant difference in perceived humanness and social presence of
the chatbot between both conditions, which supports H1 and H2. We also found a significant difference
between the conditions in overall user satisfaction with the chatbot interaction, thus supporting H3. Subsequently, we performed a post-hoc power analysis using G*Power (Faul et al., 2007). Our results suggest that all tests have sufficient power given the relatively low sample size (powerperceived_humanness = .894,
powersocial_presence = .720, and powersatisfaction = .753).

Figure 3. Differences in perceived humanness, social presence, and satisfaction between the two conditions. Note: The error bars indicate the 95% confidence interval.
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Next, we performed additional robustness tests. To test whether the results of our experiment might be
explained by the messages that participants sent to the chatbots, we conducted complementary analyses
on the number of the messages sent by participants and on the overall interaction time. In total, 3590
messages were sent: 1415 from users (M=17.91 [SD=11.98]) and 2175 from the chatbots (M=27.53
[SD=17.10]). Importantly, the number of messages in the dynamic delay condition (M = 15.61 [SD =
6.65]) is not significantly different from those in the near-instant condition (M = 20.80 [SD = 16.06]),
t(77)=1.214, p=.228). Similarly, there is no significant difference in the participant’s average interaction
time with the chatbot between the dynamic delay (M=12.03 min [SD=19.82 min]) and the near-instant
condition (M=10.98 min [SD=11.42 min]), t(77)=0.280, p>.780. Furthermore, we tested for a difference
in the demographics between the two conditions and found no significant difference in age (t(46.4)=1.699, p=0.096), gender (χ²(1)=.275, p=.6), education (χ²(5)=9.04, p=.107), usage frequency of voice
assistants (χ²(4)=5.502, p=.24), or usage frequency of chatbots (χ²(4)=3.558, p=.469). In summary, these
results indicate that the differences in perceived humanness, social presence, and satisfaction, are not
explained by differences in the number of messages sent, the overall interaction time, or demographics
between the two conditions.

6

Discussion

The results of our online experiment suggest that dynamic response delays positively affect users’ perception of customer service chatbots. The chatbot that sent dynamically delayed responses was perceived to be more human-like and to have a higher social presence than a chatbot sending near-instant
responses. This finding supports the assumption that dynamically delaying responses is an effective way
to “humanize” a chatbot and make conversations more natural to the user. In line with social response
theory (Nass et al., 1994; Nass and Moon, 2000), we demonstrate that minimal social cues, such as
different response times, trigger social expectations and processes and substantially affect users’ perception of chatbots. Interestingly, our analysis also shows that response delays increase user satisfaction
with the overall chatbot interaction. However, previous studies on the impact of response delays
(Hoxmeier and DiCesare, 2000; Rushinek and Rushinek, 1986; Taylor et al., 2016) suggest that delays
in a system’s response time result in lower user satisfaction. Therefore, our results may initially appear
to contradict their conclusions and seem somewhat counterintuitive: Why would anyone want to wait
longer than necessary for a response from a chatbot? However, these studies have investigated the response times of systems with graphical user interfaces (e.g., web-based applications), in which interaction occurs through button clicks, scrolling, or swiping. By using natural language, chatbots may trigger
more or other social responses than most web-based applications. We argue that the “human element”
of chatbots significantly shapes their perception. Therefore, users might apply a different standard when
they evaluate a chatbot’s response time, which would explain the differences to studies on graphical
user interfaces. Because people are used to chat with other humans who are not able to respond instantly,
they appear to automatically apply the same rules and expectations when interacting with a chatbot. This
effect could be further enhanced by the fact that many chatbots reside in messaging platforms, such as
Facebook Messenger, Slack, or Telegram, which are commonly used to interact with other humans.
The assumption that chatbots are perceived as “social actors” (Nass et al., 1994) is further supported by
the answers to the open-ended question at the end of our questionnaire that asked for general feedback
from participants. Interestingly, several participants from the group that received near-instant responses
stated that they felt irritated by the chatbot’s fast response time (“It was really fun, but the extremely
quick answering rate is kind of confusing”) or made a comparison with human-human communication
(“No human is able to write a sentence in a fraction of a second”). Hence, even though participants
knew that they were interacting with a chatbot (i.e., a machine), they still applied the same social expectations as when interacting with a human being. Participants who interacted with the chatbot sending
dynamically delayed responses did not mention such aspects and rather commented on other aspects of
the experiment (e.g., the content of their conversation with the chatbot or the chatbot’s limited ability to
recommend plans with additional features). This finding may indicate either that they did not notice the
delays or that these delays “felt right” for them. Similar results can be seen in research on humanoid
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robots. For example, Kanda et al. (2007) found that a humanoid robot’s reaction in its body movements
should be delayed to make the interaction more natural. In summary, we argue that faster is not always
better in human-chatbot interaction. Although more research is needed, our results indicate that, in this
particular context, users prefer to receive dynamically delayed than near-instant responses. Specifically,
users seem to be irritated by too fast responses of the chatbot, which negatively affects their perception
of the chatbot because it contradicts with their social expectations.

6.1

Implications for Designing Chatbots and Conversational User Interfaces

Our results have several implications for the design of chatbots and, to a certain extent, of conversational
user interfaces. First, we show that design features, such as response delays, can have a significant impact on users’ perception of chatbots. When designing chatbots, attention to details is required to make
conversations feel natural and human-like. This particularly applies to design features that could be
perceived as social cues (e.g., human-like appearance, language style, or personality (c.f., Fogg, 2002))
because they could unintentionally trigger social responses and processes. Moreover, the provision of
inappropriate social cues to humanize a chatbot might create unrealistic user expectations and lead to
misunderstandings, particularly when these cues overplay the chatbot’s actual capabilities (Culley and
Madhavan, 2013; Knijnenburg and Willemsen, 2016; Ben Mimoun et al., 2012). Although the provision
of social cues in technologies has been generally linked to positive outcomes (e.g., Hess et al., 2009;
Qiu and Benbasat, 2009), research also points out that people may respond quite negatively when technologies too closely resemble human beings (MacDorman and Ishiguro, 2006; Mori, 1970). For example, the “uncanny valley” hypothesis states that human-like technologies are perceived as more agreeable up until they become so human that people find their nonhuman imperfections unsettling
(MacDorman and Ishiguro, 2006; Mori, 1970).Therefore, it can be argued that chatbots, just as humanoid robots, may reach a point of human-likeness that makes users uncomfortable. Consequently, humanlike features that represent social cues need to be designed carefully to limit possible negative outcomes
(Candello et al., 2017; Klopfenstein et al., 2017).
Furthermore, our results show the importance of “conversations as the object of design” (Følstad and
Brandtzæg, 2017, p. 40). Specifically, we argue that the design of a conversation should not only consider its content but also other factors that are known to influence human-computer interaction (e.g.,
response time). While chatbots are often touted as “easy to build” from a technical perspective (Moore
et al., 2017), we argue that designing the social and human elements of chatbots represents a major
challenge for creating natural interactions with these systems. Second, we found that users might evaluate a chatbot’s response time differently than, for example, a website’s response time. This finding is
in line with other researchers (Følstad and Brandtzæg, 2017; Moore et al., 2017) who suggest that designing conversational user interfaces is different from designing graphical user interfaces. The user
interface of a chatbot (e.g., a chat history and text box) not only hides the complexity of the underlying
technology, but also provides less opportunities to apply established usability principles that have been
developed for graphical user interfaces (Følstad and Brandtzæg, 2017; Moore et al., 2017). As there is
a growing trend from graphical towards conversational user interfaces, particularly in the interaction
with smart machines and devices (Brynjolfsson and McAfee, 2016), more research is needed to understand how the interaction between humans and machines should be designed when natural language is
involved.

6.2

Limitations and Future Work

We are aware that our work comes with limitations. First, our experiment consisted of only two conditions: (1) dynamically delayed and (2) near-instant responses. Future research should investigate additional conditions such as static time delays of different lengths (c.f., Holtgraves et al., 2007; Moon,
1999). Thus, extending the experiment could provide further insights into the effect of different delay
types. Future research could also combine the investigation of response delays with related design features such as “typing indicators”. These indicators are implemented on many messenger platforms and
are also increasingly being used by chatbots (Gnewuch et al., 2018; Klopfenstein et al., 2017), without
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knowing exactly whether and how they affect users’ perception of a chatbot. Second, even though our
formula for calculating dynamic response delays based on message complexity builds on the established
Flesch-Kincaid grade level, the calibration of the formula in our study is based on pretests and may
require adjustment to specific contexts. In particular, we acknowledge that message complexity does
not only depend on syntactic complexity (e.g., number of sentences, words, and syllables), but also on
its context-specific meaning (e.g., computer-mediated negotiation versus answering frequently asked
questions). Hence, the calibration and potential extensions of the formula should consider complexity
associated with context-specific meaning. Moreover, individual characteristics (e.g., familiarity with
chatbots, personality traits) and expectations may also influence the subjective judgement of how “good”
or “natural” a delay is and could therefore be included as moderators in future studies. While our results
suggest that certain dynamic delays positively impact users’ perception of chatbots, future research is
needed to better understand how these delays should be optimally calculated. This also offers the opportunity to make use of machine learning algorithms to dynamically adapt delays based on a user’s
response time during the conversation. Third, we conducted our experiment online and not in a laboratory environment. Because of physical limits of data transmission over the Internet, there was an unavoidable network delay of approximately one second in both conditions. However, this limitation applies
to all current chatbots running on instant messaging platforms or websites. Therefore, we argue that our
condition in which responses were sent near-instantly (i.e., in one second) comes very close to the minimum response time that is possible with current technology. Furthermore, our results could have been
biased by a participant’s slow Internet connection or browser speed. Although we controlled for this
bias by analyzing the timestamps in the log files of both chatbots, future research could validate our
results in a controlled laboratory experiment. This will ensure equal conditions for all participants as
well as reduce the minimal response time in the control condition to less than one second when the
chatbot is running locally.

7

Conclusion

This paper provides evidence that dynamic response delays positively affect users’ perception of customer service chatbots. Specifically, we found that when responses are dynamically delayed, users perceive chatbots as more human-like and more socially present, and are more satisfied with the overall
interaction than when responses are sent near-instantly. From a theoretical perspective, we demonstrate
that a chatbot’s response time represents a social cue that elicits social responses from users. By triggering social scripts and expectations, users perceive chatbots differently when they send near-instant than
when they send dynamically delayed responses. Since dynamic response delays can positively shape
users’ perception of chatbots, they should be accounted for in their design. Although we focus on customer service chatbots, we believe that our findings can be valuable for the design of chatbots in other
contexts as well. While more research on the specific characteristics of dynamic response delays is necessary, we believe that our findings provide an important first step towards making human-chatbot interaction more natural. Our formula for dynamically calculating response delays and our design implications can inform practitioners that wish to better understand and design human-chatbot interactions.
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