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Abstract In this article, we describe the usage of
persuasion profiles in a large scale, N = 1,129, field trial.
Persuasive
technologies—technologies
intentionally
designed to influence user behavior—are emergent and
becoming more and more individualized and ubiquitous.
Individual differences in people’s responses to often used
persuasion principles—different psychological means by
which to influence users—motivate personalization. We
describe how, through identification, representation, and
measurement, persuasive technologies can personalize
their persuasive attempts. Next, we show that dynamically
adapting a persuasive technology to the responses of its
users increases the effectiveness of the system. Ubiquitous
computing systems are, because of their ability to unobtrusively measure user behavior, very well suited for these
types of applications.
Keywords
profiles

Persuasion  Personalization  Persuasion

1 Introduction
We have entered an era of persuasive technology, of
interactive computing systems intentionally designed to
change people’s attitudes and behaviors [17]. These systems emerged for the first time around the 1980s with a
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small selection of research prototypes of computing systems that were designed to promote health or increase
workplace productivity [3]. Currently, persuasive technology researchers investigate and design systems in application areas that range from healthcare, to energy
consumption, to e-commerce. A number of recent efforts
have focussed on motivating people to lead an active and
healthy lifestyle. These latter systems have now made it
into the public domain: product-service combinations like
Fitbug,1 myZeo,2 or Philips DirectLife3 all focus on
unobtrusive measurement of users daily (or nightly)
activities and providing motivating feedback to ensure a
healthy lifestyle.
In this article, we detail the design and evaluation of the
Persuasive Messaging System (PMS). The PMS is a persuasive system that is designed to increase the effectiveness of reminder emails that are sent out in a commercial
activity promotion service. This persuasive application
combines an ‘‘activity monitor’’ with active human- and
technology-initiated coaching to help users gain a more
active lifestyle. The activity monitor is a small and robust
3D accelerometer that users wear either in their pocket or
on a necklace. Users can upload the collected data to the
service’s backend that analyzes the activity data and calculates the associated activity energy expenditure (AEE).
During a multiple-week program, users can set activity
goals and monitor their progress on a web site that
accompanies the product.
A key success factor for the health promotion service is
user engagement: Feedback and progress is reported primarily via the web site, and activity data are only stored
1
2
3

http://www.fitbug.com.
http://www.myzeo.com.
http://www.directlife.philips.com/.
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and analyzed after it has been uploaded. Uploading takes
place via a physical connection of the activity monitor to
the users computer. Users that fail to upload are thus
deprived of feedback and coaching and consequently
reduce the benefits of carrying an activity monitor. To
encourage docking—the uploading of the activity data to
the web service—so-called docking reminders are sent via
email to users that have failed to upload for a certain
number of days.
In this article, we focus on increasing the effectiveness
of these docking reminders by using persuasive messages:
messages that implement persuasion principles as identified by Cialdini [7]. We test whether personalization of the
selection of these messages benefits their effectiveness.
1.1 Persuasion principles
The array of persuasion principles or influence tactics that
can be used to change attitudes and behaviors of users can
be overwhelming. Both researchers and practitioners have
made extensive use of the categorization of persuasive
messages as implementations of more general influence
principles. Theorists have varied in how they individuate
these influence principles: Cialdini [7, 8] develops six
principles at length, Fogg [11] describes 40 strategies under
a more general definition of persuasion, Kellermann and
Cole [28] gather 64 groups from several taxonomies, and
others have listed over 100 [35]. These different counts
result from differing levels of exhaustiveness, exclusivity,
emphasis, and granularity [28].
This article focusses on the six persuasion principles
described by Cialdini [7]. These principles are:
1.

2.

3.

4.

5.

Reciprocity: People feel obligated to return a favor;
thus, when a persuasive request is made by a person
the receiver is in debt to, the receiver is more inclined
to adhere to the request Cialdini [8]. People even
return a favor that they never asked for [18].
Scarcity: When something is scarce, people will value
it more. Announcing that a product or service is scarce
will favor the evaluation and increase the chance of
purchase [42].
Authority: When a request or statement is made by a
legitimate authority, people are more inclined to
comply or find the information credible [32].
Commitment and consistency: People do as they said
they would. People try to be consistent with previous or
reported behavior, resolving cognitive dissonance by
changing their attitudes or behaviors to achieve consistency. If a persuasive request aligns with previous
behavior, people are more inclined to comply [7, 9].
Consensus: People do as other people do. When a
persuasive request is made, people are more inclined to
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6.

comply when they are aware that others have complied
as well Cialdini [8]; Ajzen and Fishbein [1].
Liking: We say ‘‘yes’’ to people we like. When a
request is made by someone we like, we are more
inclined to act accordingly [7].

While most probably not exhaustive, nor in all cases
mutually exclusive, these six persuasion principles provide
a concrete means to classify influence attempts. Furthermore, implementations of each of these principles have
been shown to be effective in multiple contexts. Interestingly, all of these influence strategies are related to how a
certain attitude or behavioral change request is made, and
not necessarily tied to what the actual request is Kaptein
and Eckles [23]. This enables us to distinguish the end of a
request (e.g., a persuasive application urges you to work
out more) from the means in which the request is made
(e.g., by showing you how your friends are working out, or
by giving you expert advice). This property makes persuasion principles useful not just for typifying a specific
influence attempt, but more broadly to function as a level
of analysis to describe and predict the effects of different
implementations of the same principle at later points in
time or in a different context.
Investigators in psychology often explain and predict
how implementations of persuasion principles affect user
attitudes using dual-process models. According to the
Elaboration Likelihood Model (ELM) [5, 33, 34], persuasive messages can affect attitudes through both central and
peripheral routes. The central route is characterized by
elaboration on and consideration of the merits of presented
arguments. On the other hand, the peripheral route is
characterized by responses to cues associated with, but
peripheral to the central arguments of, the advocacy. The
latter occurs through the application of simple, cognitively
‘‘cheap,’’ but fallible rules. Frequently, the use of these
cognitively ‘‘cheap’’ rules leads to a fast and relatively
accurate appraisal of the merits of the appeal: If (e.g.) a
product is ‘‘almost out of stock,’’ a large number of prior
customers may have bought the product based on product
merits and opportunities to buy in the future may be rare or
high cost [40]. Thus, without engaging in full and cognitively costly processing, a user can make a choice based on
an accurate peripheral cue [12].
1.2 Individual differences
Despite the large body of work investigating persuasion
principles and the theoretical models such as the ELM to
explain their effectiveness, researchers have had serious
difficulties in replicating previous findings. For example, a
thorough meta-analysis [20] of the research on the effects
of argument strength on persuasion—as frequently used in
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ELM research to appeal to either peripheral or central
processing—has found mixed results. Because of these,
and other, difficulties in replications, researchers have
investigated properties of context, messages, and individuals to further understand persuasion processes.
Much of the work on individual differences in persuasion has directly drawn on dual-process models—and the
ELM in particular—to work out how new or established
traits could moderate persuasion. Many of these studies
have examined trait differences in motivations, such as
Need for Cognition (NFC [5]), that affect differences in
peripheral and central processing of persuasive messages.
Thus, NFC predicts differences in the effects of argument
strength on attitudes, the degree to which individuals rely
on product characteristics versus source liking (e.g., [15]),
attitude strength resulting from processing a persuasive
message (e.g., [14]), and metacognition in persuasion (e.g.,
[39]). More generally, for many user choice settings in
which personal relevance is neither very low or very high,
elaborative processing of stimuli varies with NFC, such
that NFC measures an individual difference in propensity
to scrutinize and elaborate on arguments via the central
route [4].
While NFC is the most widely used trait that operationalizes stable motivational heterogeneity in dual-process
models, several relating traits have been identified and
studied [13]. Measures of individuals’ need for closure
[41], need to evaluate [19], and need for affect [31] have all
received attention in the persuasion literature. More
recently, Kaptein and Eckles [24] have explicitly examined
individual-level responses to difference influence strategies. They find that large individual differences exist in
people’s responses to different persuasive strategies. In
their work, it shows that while (e.g.) the authority strategy
is effective to increase compliance on average, it can be
counter-effective for up to 35% of the population. These
findings combined motivate adapting the use of distinct
influence strategies—the different means to a common
end—to individual users of persuasive systems.
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persuasive system (see also [21, 36]). In the remainder of
this article, we first describe the requirements of adaptive
persuasive systems and their possible implementations. We
describe how designers of persuasive systems can adapt the
persuasive principles they use to motivate users for certain
goals to their effectiveness at an individual level. Next, we
describe how the PMS was built according to these specifications. Finally, we describe the results of a 6 months
long evaluation of the PMS systems with N = 1,129 users.

2 Designing adaptive persuasive systems
Given the large individual differences in response to persuasion principles, we believe that designers should take
these individual differences into account. This is especially
relevant in the light of the work presented by Kaptein and
Eckles [24]. Even more [25] show that the use of multiple
influence strategies at the same time is not necessarily
beneficial for compliance, and thus, designers of persuasive
technology should choose the right influence principle for
the right individual. These results emphasize the need for
designers of persuasive technologies to attend to, and adapt
to, individual differences in response to persuasion. We
call this class of systems adaptive persuasive technologies.
2.1 Requirements of adaptive persuasive systems
When designers attend individual differences in user
response to the use of persuasion principles in persuasive
systems, then they will design adaptive persuasive systems:
‘‘systems that select the appropriate influence strategy to
use for a specific user based on the estimated success of
this strategy.’’ To be able to build adaptive persuasive
systems, designers should create systems that are capable
of identifying their users, representing different social
influence strategies, and measuring their effectiveness
(cf. [22, 27, 36]. We detail each of these requirements.
2.1.1 Identification

1.3 Overview
In this paper, we describe the development and evaluation
of the PMS. This system provides persuasive content to be
used in the docking reminder emails that are send out to
remind participants to upload activity data. We use the six
persuasion principles described above as our basis to
design multiple docking reminders. Next, because of the
large individual differences that have been found in people’s responses to these persuasion principles, we try to
adapt the principle that is used in the docking reminder for
a specific user to the behavioral response—a successful
docking event—by that user. We thus develop an adaptive

To be able to adapt to individual differences in response to
social influence strategies, a system must be able to
uniquely identify individuals.4 Only once a user has been
identified can the influence strategy that is used to support a
persuasive appeal be adapted to this user. Currently, many
means of identification exist. In online marketing contexts,
cookies are frequently used to tailor appeals, and this
practice can easily be extended to tailor the choice of
4

It is not necessary to know the true identity of the person, as long as
each interaction with the system uniquely distinguishes between
individuals.
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persuasion principles to specific individuals. However, in a
ubiquitous computing scenario, the possibilities of identification are more diverse: Designers have used the unique
bluetooth key used by mobile devices [29], face recognition [16], or fingerprints [6] to identify individual users.
When these identification mechanisms are combined,
individual users can be tailored to both offline as well as
online, and this type of personalization be used over a
multitude of persuasive applications.
2.1.2 Representation
Adaptive persuasive systems have to be able to represent one
end via multiple means. Thus, the system needs to be able to
implement various persuasion principles. For example, a
digital exercise coach can influence users to exercise more by
having users set targets (commitment principle), coupling
users to others (consensus principle), or by providing advice
from a fitness instructor (authority principle). To enable
personalization, systems should have the flexibility to present
their end goal (e.g., work out more) in different ways to
users. In the system architecture, designers should distinguish
between different persuasion principles and their respective
implementations. Thus, if a persuasive system uses the
authority strategy, then still different expert sources could be
used, via different communication channels, to influence
users. In each case, the authority strategy is represented by a
different implementation.
2.1.3 Measurement of success
When designers create systems that adapt to users
responses dynamically—for example, during the lifetime of
the product—it needs to be possible to measure the effect
of a persuasive principles on an individual user. While this
sounds straightforward, it is not always easy to measure
whether an appeal was successful, or even to determine
what a measure of success would entail. For example, in a
digital exercise coach, a prompt by a fitness instructor to
run for 30 min that is followed by the user running for
20 min 14 h after the prompt might constitute a partial
success—indicating the success of the authority strategy—
but might also be due to external causes. Furthermore,
technologically not all behavioral responses are easily or
reliably measured.
2.2 Realizing dynamic adaptation
Once the three prerequisites identified above are met, and
thus a persuasive system is able to identify its users, represent different social influence strategies, and measure the
effect of the persuasion principles, then the system can be
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made to adapt to user responses. While different machine
learning algorithms could be used for such a goal, this
section briefly presents a simple self-learning system
capable of using individual-level responses by considering
an example in which identification, representation, and
measurement are relatively easy. The description below
details how individual-level estimates of the success of
different influence strategies can be used for personalization. We call this collection of estimates, in line with
Kaptein and Eckles [24], a persuasion profile.
Consider, for example, a ubiquitous persuasive system
designed to encourage users to save energy by using a
revolving door (which keeps the heat in) instead of a
sliding door that is next to it. This setup is common in
hotels and office buildings and often one can find a paper
sign motivating visitors to indeed take the revolving
door. Face recognition, by the use of camera’s, could
potentially be used for identification in this scenario. This
same identification method can also be used to measure
the effectiveness of each persuasive attempt: Through
face recognition, one could determine which entrance
was used by the current visitor. Based on this knowledge
about the visitor and records of earlier decisions, a
message implementing the right influence strategy can be
selected and displayed on a screen instead of the paper
sign.
The probability of a single visitor taking the revolving
door on multiple occasions can be regarded as a binomial
random variable B(n, p), where n denotes the number of
approaches the visitor has made to the doors, and p denotes
the probability of success: the probability of taking the
revolving door. Given M different messages, one can
compute for each individual, for each message, probability
pm = km/nm, where km is the number of observed successes
after representation of message m, nm times to a specific
visitor. It makes intuitive sense to present an approaching
visitor with the messages with the highest probability of
success, thus the message where pm is highest. However,
this will not inform a decision for a newly observed visitor.
For a new visitor, one would present the message m for
which pm is maximized for previously observed visitors.
Actually—given Stein’s result [10, 38]—for every user, a
weighted average of the pm for an individual user and those
of other users—one where the estimated b
p m for an individual is ‘‘shrunk’’ toward the population mean—will
provide a better estimate than an estimate based on
observations of a single visitor alone. For example, if the
authority message is effective 70 % of the time over all
visitors and only 30 % percent of the time for the specific
visitor under consideration, the best estimate of the (real)
effectiveness of the authority message b
p A for this visitor is
a weighted average of these two.
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2.2.1 Adapting to individual behavior
To include both the known effectiveness of a message for
others, and a specific visitors previous responses to that
same message, into a new estimate of message effectiveness, pm, designers can use a Bayesian approach. A common way of including prior information in a binomial
random process is to use the Beta-Binomial model [43].
The Beta(a, b) distribution functions as a conjugate prior to
the binomial. The beta distribution can be re-parametrized
as follows:
pðhjl; MÞ ¼ Betaðl; MÞ
a
where l ¼ aþb
and M = a ? b, then the expected value of
the distribution is given by: E(h|l, M) = lm. In our specific
scenario, lm represents the expected probability of a
successful influence attempt by a specific message. The
certainty of this estimated success probability is
represented by:

Varðhjl; MÞ ¼ r2 ¼

lð1  lÞ
:
Mþ1

After specifying the probability of success lm of message
m and the certainty about this estimate r2m as the prior
expectancy about the effectiveness of a specific message
and updating this expectancy by multiplying it by the
likelihood of the observations, one obtains the posterior
expectation:
pðhjkÞ / lðkjhÞpðhjl; MÞ
¼ Betaðk þ Ml; n  k þ Mð1  lÞÞ;
in which k, 0, 1, is the outcome of the new observation.
The newly obtained Beta distribution, B(l, M), functions
as our probability distribution with a new point estimate of
the effectiveness of the presented message given by:
EðhjkÞ ¼

k þ Ml
:
nþM

2.2.2 Decision rule to choose a persuasive strategy
The Beta-Binomial model described above allows estimation of the effectiveness of message m, including prior
knowledge, and updating these estimates based on new
observations. As such, one can maintain a record of both
the point estimate, lm, and its certainty, r2m, for each specific visitor. To determine which message to present next,
one could pick the message which has the highest lm.
However, if r2m is large, this decision rule might not be
feasible given that—from a frequentist perspective—the
difference between effectiveness estimates might not be
statistically significant. Thus, while one would like to
exploit the obtained estimates by selecting the most optimal
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strategy, one should avoid making a selection based on too
limited or noisy observations. In the case of a small number
of observations, one would be better off to further explore
responses to multiple strategies.
A recent solution to this selection problem is presented
by Scott [37]. His proposed randomized probability sampling method depends on obtaining a single draw of each of
the Beta distributions for each strategy and comparing
theses draws. At a specific occasion, the strategy representing the highest draw will be shown. Scott [37] shows
through simulation that this strategy of selecting from
competing random variables with differing levels of
uncertainty provides an almost optimal solution to the
explore/exploit problem [30]: Randomized probability
matching ensure on one hand that a single strategy is not
selected too early (and possibly erroneously) while it also
ensures an effective usage of all the available information.
2.2.3 Persuasion profiles
The estimates of the effectiveness of different messages—
or of the persuasion principles they implement—create a
profile for each user. This profile, in prior work called a
Persuasion Profile [23] can, via a decision rule like the one
specified above, be used for persuasion principle selection
for individual users. While initial attempts to create these
types of systems have already been reported on in the literature [26, 36], no large-scale evaluations of this idea of
using persuasion profiles to increase the effectiveness of
persuasive technologies exist to date.

3 Design of the PMS
The PMS system was created to test the use of persuasion
profiles for docking reminders. In this section, we describe
the development and implementation of the PMS. As
motivated in the previous section, for any adaptive persuasive system, identification, representation, and measurements are necessary requirements to build and use
persuasion profiles.
3.1 Identification
The PMS used a unique one-way hashed identifier for each
individual user. When a user docks—connects their activity
monitor to their computer—the a timestamp of this event
and a one-way hash of the user identifier were sent to the
persuasive system. For operational reasons, the PMS was
implemented on another server that was external to the
server of health promotion service. The one-way hash
ensured that no personally identifiable information of the
participants was stored on the PMS server while at the
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Table 1 Persuasion principles and their implementations in the PMS
Principle

Implementation (persuasive paragraph)

Neutral

0.

Scarcity

1. We would like to remind you to connect it to your PC soon and stay in touch with …. Today is a great day to stay fit so make sure
you do not miss out on your participation in …!

Authority

2. Any chance to connect your activity monitor is a chance to learn about your own activities. Take the opportunity to learn about
your activities right now.
3. Experienced coaches recommend frequent uploads of your activity data. This will help you to gain more insight and be more
active!
4. Activity experts recommend moderate to high activity on a daily basis and connecting to the … platform will help you to reach
this target!

Consensus

5. People like you who connect their activity monitor frequently with their PC are more likely to benefit from the program and
obtain a healthy lifestyle!
6. Thousands of people are participating actively in the … program and they stay connected at least once a week. Join the group!

same time, the PMS server could log each docking event
for each individual user.
3.2 Representation
Representation of the persuasion principles was done in the
email reminders that were sent to users that had refrained
from docking for either three or 6 days. To create the
persuasion principle implementations, five persuasive
technology researchers brainstormed a large number of
messages. Messages were created that implemented the
scarcity, authority, and consensus principles. After the
brainstorm, a card-sorting test was used to classify messages according to their strategies, and for each principle,
two messages were selected for use in the trial. The persuasive messages consisted of text snippets containing
persuasion principles that were added to the standard
docking reminder email. This standard reminder mail
looked as follows:5
Dear (first-name6),
How are you doing? We hope all is well. It is 3 days
since the last time you connected your Activity Monitor.
[Persuasive paragraph]
We would like to remind you to connect it to your PC
soon and stay in touch.
Sincerely,
The …7 Team

When a reminder was due, the health promotion service
would request the PMS server for the next social influence
text snippet to be used for the current user (identified by
their hashed ID). The PMS server, upon receipt of the
request, looked up the persuasion profile for that user (all
stored using the hashed user ID’s) and returned the
appropriate persuasive text snippet.
The text snippet was inserted at the [Persuasive paragraph] location of the reminder email. Table 1 gives the
implementations of the social influence strategies as used
in the PMS. Since the original docking reminder was also
used, there are four different types of messages in use (one
not containing a persuasion principle). By combining the
hashed user ID with the message ID, the docking reminder
server was able to dynamically construct a message for a
specific individual user’s of the activity promotion service.
To enable estimation of the possible effect of these
messages, each of the messages was presented to N = 80
participants in a pretest. Participants were instructed to
read each of the (full) messages and answer the question
This message would motivate me on a seven-point (Totally
Disagree (1) to Totally Agree (7)) scale. Scores over two
implementations of the social influence strategies were
averaged, and mean scores for each strategy were subsequently used to estimate the successfulness of the different
social influence strategies at an average level. The neutral
 ¼ 3:46; SD ¼ 1:44:
message had the lowest evaluation: X
The messages implementing social influence strategies scored
¼
only slightly higher, with authority scoring highest, X

4:21; SD ¼ 1:59; before consensus; X ¼ 3:96; SD ¼ 1:54;
 ¼ 3:81; SD ¼ 1:52: Given the range of the
and scarcity, X
scale, the persuasive messages seem not too convincing.

5

The email reminders and social influence implementations were
translated into several languages to facilitate the various languages of
the users of the service.
6
The first-name of the user was filled out by the activity promotion
service.
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7

The reference to the name of the service has been removed for
confidentiality. We are grateful for their participation in this trial, but
since the PMS is no longer in use, we do not want to associate the
service itself with the presented research.

Pers Ubiquit Comput (2013) 17:1173–1185

However, they do score significantly higher than the neutral message (p \ .05 using paired t-test for each pair).
3.3 Measurement
The docking reminder server, after consulting the PMS,
sends emails to remind users to dock their activity monitor.
Hence, the reminder message containing a specific persuasion strategy is successful if, within a certain time period
after reading the email, the activity monitor is indeed
docked. To measure this effectiveness, a small image was
inserted into the email message body that allowed the PMS
to log the fact that a user with a specific hashed ID opened
an email. If, and only if, within 24 h after opening the email
the user with that ID docked her activity monitor the message was considered a success, and thus, the persuasion
principle that was implemented in the message (neutral,
scarcity, authority, or consensus) was regarded successful
for that user. The PMS ran a cron-job every 24 h to match
all opened emails with the recent docking behavior. Next,
the PMS updated the individual-level persuasion profiles
according to the responses to messages send the last 24 h.

4 Evaluation of the PMS system
To evaluate the PMS system, an experimental comparison
was setup in which the system was deployed for a selection
of new users of the activity promotion service in the period
the 1st of January 2011 until the 1st of July 2011.
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of inactivity. For the analysis of the data, only users who
received at least 3 email reminders during the trial period
were included. Given this selection scheme, participation
in the trial ranged from 1 to 6 months.
Besides differences in the email messages that were sent
out to users, their usage of the activity promotion service as
a whole was similar in each of the four experimental
conditions. The data collected in the PMS evaluation
consisted solely of a description of the email that was
opened, with a record of the Condition that the user was in
as well as the persuasion Principle that was used in the
message, and a record of the subsequent response (Success
or failure). We further recorded the timestamp of opening
of the email as well as the Number of the reminders: This
figure indexed how many reminders a user had received.
The timestamp allows us to compute the date of the first
message that was received and from there compute the
Time in Trial (in days) for each participant. Finally, at the
level of users, we marked those users that had not docked
during the last 30 days of the trail as Dropout. This definition for dropout is also used by the management of the
activity promotion service.
4.1.2 Conditions
To test the performance of the PMS as opposed to different
message selection scheme’s, users were distributed over
four conditions:
1.

4.1 Method
4.1.1 Procedure
2.
From January 1st onwards, new users of the activity promotion service were included in the experimental evaluation of the PMS. Upon the first upload of their activity data,
users were randomly assigned to one of the four conditions
(see Sect. 4.1.2) by performing a random draw from a fourlevel multinomial with equal probabilities for each level.
The assignment to one of the four conditions was decisive
for the messages that users received later on. All users that
joined the service between the start-date and the 1st of June
2011 were considered for inclusion in the trial. Users
received a reminder messages after 3 days of inactivity and
after 6 days of inactivity (not uploading their data). After
these, two messages had been send and found unsuccessful
users would not receive any new messages unless they had
been active again (uploaded their activity data). After a
new activity upload, the counters for the reminders were
reset and a new reminder message was sent out after 3 days

3.

4.

Control: Users assigned to this condition received the
standard docking reminder. This message did not
contain any implementations of persuasion principles.
This condition was included to be able to compare the
PMS to the current reminder message.
Best Pretested: Users assigned to this condition
received randomly one of the two messages implementing the authority advice—this message was
judged most motivating in the pretest evaluation of
the messages. This condition was included to compare
adaptive selection of social influence strategies to the
‘‘best’’ average strategy.
Random: Users assigned to this condition received
randomly one out of the seven versions of the message
(with probabilities equal for each of the principles).
This condition was included to compare adaptive
messaging with alternating messages.
Adaptive: Users assigned to this condition received
messages suggested by the adaptive persuasive system
algorithm as in the previous section. Thus, for the first
few messages, the selection was random. If users
displayed a clear preference for one of the persuasion
principle after receiving multiple reminder emails, the
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4.1.3 Participants
Since the company that markets the activity promotion
service on which this trial was ran is, understandably, very
careful with the personal data of their users, we did not
gain access to any personal information of the users of the
system. Hence, while we could identify users based on a
unique ID, we could not link this ID to any demographic or
actual activity data. We were only able to record the emails
that were sent as well as the docking behavior within 24 h
after opening the email. This limits the possibilities of
exploring possible interesting demographics that influenced
our results and also inhibits us from reporting background
information about the participants in the trial such as age or
gender. However, given the random assignment over the
conditions, we believe that the results presented below do
provide a valid test of the effectiveness of the reminder
messages in the different conditions.
4.2 Results
For the period of the evaluation, this led to a data set
describing the upload frequency and responses to reminders of 1,129 users. Figure 1 shows a histogram of the
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0.010
0.005

Comparison of the adaptive condition to the control
condition allows estimating the applied value of using the
PMS to personalized messages over the current use of
reminder messages in the activity promotion service system. Comparison of the adaptive condition with the random
condition serves to examine the benefit of using a selflearning system, as opposed to merely using different
influence strategies in the reminder messages. Finally,
comparison of the adaptive condition with the best-pretested condition allows estimation of the benefits of using
the PMS over selecting the most promising message based
on a questionnaire.
In the adaptive condition, the prior expectancy of the
success of the different social influence strategies had to be
set. Before the trial, no information was available about the
effects of the reminder message, and thus, the estimates
were (a) set close together and (b) set with large uncertainty to be updated quickly by new data. The prior for the
¼
neutral (no social influence) message was set to: X
0:39; Var ¼ 0:1: In line with the pretest of the messages,
¼
the authority strategy prior was set the highest, X

0:52; Var ¼ 0:1; before consensus, X ¼ 0:50; Var ¼ 0:1
 ¼ 0:47; Var ¼ 0:1: Randomized probability
and scarcity, X
matching was used to select messages in the adaptive
condition.

0.000

reminder message was adapted to include only those
strategies users were susceptible to.

0.015
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Fig. 1 Overview of the number of days that users who were included
in the experiment were active using the persuasive application

Table 2 Overview of the raw data from the PMS evaluation
Condition

Average No.
Rem. (S.E.)

% Success
(S.E.)

% Dropouts
(S.E.)

Control

9.13 (0.33)

28.5 (1.7)

25.1 (2.6)

Best pretest

8.97 (0.32)

24.2 (1.5)

26.0 (2.6)

Random

8.92 (0.33)

25.6 (1.6)

20.8 (2.4)

Adaptive

9.41 (0.35)

26.3 (1.6)

18.9 (2.3)

Presented are the average number of reminders, the success rate of the
reminders, and the percentage of dropouts in each condition

number of days users included in the trail spend using the
application. Since users were added continuously to the
experiment as they started using the service, this histogram
shows both those who entered late and those who dropped
out. To give further insight into the raw data, Table 2 gives
an overview of the average number of reminders sent, the
mean success percentage, and the number of dropouts in
each condition.
4.2.1 Effectiveness of the messages
To analyze the data obtained in the PMS evaluation, a
series of multilevel models is fit to the data predicting the
successes of each of the reminders send to users included in
the trial. We first fit a ‘‘null’’ model [2] to the data, which
models the success of emails via a logit link using an
overall intercept and individual-level intercepts that are
distributed normally. This ‘‘null’’ model can be written as:
Prðyij ¼ 1Þ ¼ logit1 ðaj½i Þ
for i ¼ 1; . . .; n messages and where aj  ðla ; r2subject Þ:
Thus, the probability of a success for each individual
message is modeled with a logit link using a overall
intercept la and individual-level intercepts for each participant. This means that for each participant, multiple
observations—multiple responses to messages—are included as a level in the model.

Pers Ubiquit Comput (2013) 17:1173–1185

1181

Table 3 Table showing the model comparisons used to select the analysis model
Df

AIC

v2

Log Lik.

p

Mod. A: null model

2

10,903.18

-5,449.59

Mod. B: A ? time in trial

3

10,435.32

-5,214.66

469.86

\.001

Mod. C: B ? number

4

10,428.11

-5,210.06

9.21

.002

Mod. D: C ? ind. strategy rand. eff.

13

10,423.14

-5,198.57

22.97

.006

Mod. E: D ? condition 9 number

16

10,420.51

-5,194.26

8.62

.034

From the null model, which models the probability of success only using a overall intercept and individual-level intercept, time in trial, the
number of messages, and individual differences in response to persuasion principles are added (random effect). Finally, condition 9 number is
added

From this null model, we proceed by fitting a series of
multi-level models where we use v2 tests to examine the
increase in model fit of each of the subsequent models.
Adding a fixed effect of principle to this null model does
not improve model fit, v2 = 4.75, Df = 3, p = .19, neither does adding condition v2 = 2.433, Df = 3, p = .498.
However, adding the Time in Trial does significantly
increase model fit, see also comparisons in Table 3, Model
A and B. This comparison shows that the success rate of the
email reminders declines when users are using the activity
promotion service for a longer period (see also the coefficients of the final model presented in Table 4). Adding a
fixed effect of the number of messages received, Model C,
again significantly improves model fit. Here, the interpretation is similar: the more reminders are sent, the less likely
they are to be successful.
Next we add, in accordance with earlier findings on
large individual difference in the effects of influence
strategies (see [24]), random persuasive principle effects by
participant. Thus, we allow for different intercepts for each
principle for each of the individuals in our study, and we
constrain the prior distribution over these principles to be
distributed Normal with mean zero. Allowing for these
individual differences in the effects of persuasion principles significantly improves model fit, which replicates the
findings presented in Kaptein and Eckles [24] (see model
D, Table 3).
Finally, to test the effects of the PMS, we add an
interaction term of the number of messages send with the
condition that participants were in. We setup the contrast
such that the PMS system, the adaptive condition, is the
reference category. This also significantly increases model
fit showing that the effect of the messages differs between
conditions when modeled over the number of messages
that is send (see model E, Table 3). This latter interaction
is justified since the adaptive system will take time to
adapt, and hence, one would not expect a large difference
8

Both in this section and the subsequent section, the order of model
building is determined by the largest model fit improvements of each
subsequent term.

Table 4 Table showing the fixed effects of model E (see also
Table 3)
b

S.E.

z

p

Intercept

-0.855

0.066

-12.875

\.001

Time in trial

-0.016

0.002

-7.618

\.001

Number (adaptive)

-0.015

0.016

-1.037

.300

Random 9 number

-0.023

0.015

-1.518

.129

Control 9 number

-0.039

0.016

-2.389

.017

Best pretested 9 number

-0.044

0.016

-2.737

.006

Note that the decline of the both the adaptive condition (used as
reference) and the random condition is not significantly different. The
adaptive condition does outperform the control and the best-pretested
conditions

in the effectiveness of the messages send out in the different conditions at the first messages. Only after a period
of adaptation—which depends on the number of messages
send—will the adaptive condition be able to distinguish
itself from the other messaging conditions.
To be able to interpret the model and test whether
indeed the adaptive condition is more successful than the
other messaging conditions, Table 4 presents the estimated
coefficients of Model E. The average effectiveness of the
messages is rather low (Intercept = -.86), and the effectiveness of messages declines both as participants are
longer in the service, bTime in Trial = -.16 as well as when
they receive more messages, bNumber = -.15. Inspection
of the coefficients of the condition 9 number interactions
allows for the estimation of the effects of the different
conditions. Both the best-pretested condition and the control condition perform significantly worse than the adaptive
condition (see Table 4). The random condition is also
estimated to be less successful over time than the adaptive
condition. This latter difference, however, is not statistically significant, p = .13.
Figure 2 shows that decline of the estimated success
rates for each of the experimental conditions as the number
of messages that is send per participant increases. The plot
shows the estimated lines for the median of Time in Trial,
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Df

v2

p

Mod. Bdrop: Adrop ? Number

1

13.44

\.001

Mod. Cdrop: Bdrop ? Condition

3

5.35

.148

0.8

1.0

Table 5 Model comparisons for the logistic regression on dropout

0.2

0.4

0.6

Adaptive message
Original message
Pre−tested message
Random message

0.0

Probability of Success

1182

0
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30

Mod. Adrop: Intercept only

The number of reminders received has a significant effect on the
dropout rate. The effect of the messaging condition is not statistically
significant

Reminder Number

Table 6 Fixed effects of model Cdrop
Fig. 2 Overview of the success rates of the reminder messages over
the number of times a message was sent out to users for each of the
different conditions (both jittered). To reduce complexity, the
~ ¼ 28
imposed lines are representative for the median Time in Trial, X

~ ¼ 28: From the figure, it is clear that the decline in
X
estimated effectiveness of the messages is the slowest in
the adaptive condition.
4.2.2 Dropout rate
Besides examining the success rate of each message, we
also explore the dropout rates in each condition. Participants are marked as a dropout when they have not been
active for 30 days. While this signal is understandably
noise due to the fact that some participants that are likely to
drop out have not dropped out yet given the limited timeframe of the study, this metric is worth exploration.
Dropout is one of the key metrics for the success of the
activity promotion service, and thus, a reduction in dropout
rates would not only be theoretically interesting but would
also be of commercial importance.
To examine dropout rates, a logistic regression is fit on the
level of individuals. For each individual in the study
the condition, and the total number of reminder send, and the
days in the program are examined. Again, a series of nested
model comparisons using v2 difference tests is used to select
the final model to examine the effects of the conditions. First,
adding the number of reminders significantly increases model
fit, v2 = 13.44, Df = 1, p \ .001. When accounting for the
number of reminders, adding the days in the trial does not
significantly improve model fit, v2 = 4.89, Df = 1, p = .53,
and this term is thus omitted. Finally, condition is added as a
main effect. In this comparison, condition does not interact
with the number of messages since only one row for each
subject is included in the model comparisons. The addition of
condition does not significantly improve model fit
v2 = 5.35, Df = 3, p = .15 (See also Table 5).
Given the importance of the dropout measure, we further inspect the estimates of model Cdrop. Table 6 shows
the coefficients. From the table, it is clear that the dropout
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b

S.E.

(Intercept)

-1.0084

0.1952

5.17

\.001

Number

-0.0501

0.0143

3.49

\.001

Random

0.0938

0.2117

-0.44

.657

Control

0.3539

0.2083

-1.70

.089

Best pretested

0.3907

0.2043

-1.91

.056

z

p

The probability of dropout decreases as more reminder messages are
send. Furthermore, the estimated probability of dropping out is
slightly lower in the adaptive condition than in the other messaging
conditions

rate decreases slightly with the number of reminders:
People who receive more reminders are less likely to drop
out. This is probably due to the fact that those who receive
large number of reminders are committed to the program
and just forget to upload. The reminders are then effective
and make these users keep using the application. Those
users that do not respond to the early docking reminders are
likely to drop out altogether.
Looking at the effects of condition, it is clear the bestpretested condition and the random condition score worse
than the adaptive condition (which is the reference category). However, these differences are only marginally
significant. No clear difference between the random condition and the adaptive condition is found, although the
estimated effect of the random condition is slightly
higher—leading to more dropouts—than that for the
adaptive condition. A graphical overview of the estimated
effects is presented in Fig. 3.
4.3 Conclusions
This section presented the empirical evaluation of the
persuasive messaging system for the docking reminder
messages. In this adaptive persuasive system, users are
identified by a unique one-way hashed identifier, which is
an integral part of their usage of the persuasive service.
After inactivity—failure to dock—for a period of 3 or
6 days, users received a reminder email. In this email, the
authority, consensus, and scarcity strategy were implemented to increase compliance. The persuasion principles

0.6

0.8

1.0

1183

0.2
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Adaptive message
Original message
Pre−tested message
Random message
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Probability of dropping out
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Fig. 3 Overview of the dropout rates of the reminder messages over
the number of times a message was sent out to users for each of the
different conditions (both jittered). The figure compares the estimated
dropout rates over the number of messages for each condition

were added to the email messages in such a way that they
were interchangeable and could thus be personalized.
Finally, the effect of the messages was measured by
combining logging of the opening of the email messages
via a dynamic image in the content of the email and users
logged docking behavior.
Results of the evaluation of the PMS system partly show
the benefits of using persuasion profiles: The (repeated)
success of the reminder messages is higher when using
personalized persuasion than when using the default message (control condition) or the best-pretested message. The
estimated success of the adaptive messages was also higher
in the adaptive condition than in the random condition, but
this latter difference is not statistically significant, p = .13.
A similar pattern was found when examining the number of dropouts. Despite the noise signal, the estimated
effects of the adaptive condition are marginally better than
that of the best-pretested condition, p = .06, and of the
control condition, p = .09. Again, no clear difference was
found between the random messaging condition and the
adaptive condition even though the estimated dropout rate
in the random condition was slightly higher than that in the
adaptive condition.
4.4 Limitations
The evaluation presented above has several limitation. First
of all, the constraints put up by the company that markets
the activity promotion service led us to collect a data set
that is of variable length for each of the participants in our
evaluation. This makes that the number of reminders send
is variable, as well as the number of days in the trial. These
restrictions lead to noise estimates of the effects of the
conditions and thus a lowered precision. Regrettably, this
enables us to conclude only with certainty that the adaptive
condition outperforms both the best-pretested as well as
the control condition, but not necessarily the random

messaging condition. Studies in which an adaptive persuasive system runs for a longer time period, or at least
with more observations, would allow for a more precise
estimate of the difference that emerges over messages
between the adaptive and the random condition. We
believe that the consistently more successful estimates of
the adaptive condition—both in increasing success rates as
well as decreasing dropout—warrant such further investigation into the effects of adaptive persuasive messaging.
Another limitation—or point of caution—for the presented results is the general low effectiveness of the use of
persuasion principles in the messages. This was already
clear from the initial questionnaire evaluation but is even
more eminent by the lack of a main effect of persuasion
principle in the model comparisons. This could imply two
things: One, the messages are not powerful enough to make
a large difference, or two, the success rate and dropout
rates of the emails are determined by several other factors
making the estimated effects of the principles small. Both
are likely in play. However, in favor of the idea that
principle selection should be adapted to individuals, we did
find a significant improvement in model fit when principle
was added as a random effect over users. Hence, allowing
for different effects for each of the individual principles
increased model fit. Subsequently, the adaptive system
outperformed the best-pretested principle, showing that at
least a difference could be made by selecting the right
principle for individual users over selecting the on average
most effective principle.

5 General discussion
In this paper, we described the development and evaluation
of the PMS system. The PMS system is an adaptive persuasive system that uses persuasion profiles to adapt to
individual differences in response to persuasion principles.
We detailed how, through identification, representation,
and measurement, designers can create systems that attend
to these individual differences. The empirical evaluation
shows the benefits of the use of persuasion profiles: The
decrease in effectiveness of the reminder emails is lower
when individual differences in response to persuasion
principles are adapted to, leading overall to a lower dropout
rate of the service.
The system presented here should inspire designers of
ubiquitous technologies to create adaptive persuasive
technologies that adapt their usage of distinct influence
strategies to the responses of users. While large individual
differences in the responses to influence strategies have
already been shown in experiments, the in-the-field evaluation of the PMS showed promising results for adaptive
persuasion: Adaptive persuasion outperforms the two static
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messaging conditions. The adaptive nature of the system,
for which an implementation was detailed in this paper,
however, needs further evaluation to convincingly demonstrate the applied benefits of adaptation over random
message selection.
This article is, however, intended not only to demonstrate the effectiveness of adaptive persuasion in ubiquitous
technologies, it is also meant to introduce the concept of
persuasion profiling for designers of ubiquitous technologies. We believe that the ubiquitous technology scenario
particularly satisfied the design requirements of identification, representation, and measurement as imposed by
adaptive persuasive technologies: Ubiquitous applications
can often track individuals, represent messages in multiple
ways, and are able to measure the effects of such representations using sensors. Therefore, we think that persuasion profiles, and the exemplar use described in this paper,
are valuable for designers of persuasive ubiquitous
applications.
5.1 Future work
This article presents a new view on the study of persuasion
strategies and their usage in persuasive technologies. The
article builds on the idea that there are large individual
differences in response to persuasion principles. We propose a class of technologies created to address these individual differences, adaptive persuasive systems, which
inspire new questions about human behavior and decision
making as a function of persuasion strategies. Questions,
through the deployment of ubiquitous sensing technologies
to measure user behavior, can hopefully be answered in the
future. Adaptive persuasive technologies in ubiquitous
applications can be a tool for further psychological
research and should address the effects of persuasive
strategies at an individual level and over time. By and large
researchers of influence strategies, persuasion principles
and persuasive technologies have till now focussed on
average effects of the one term use of a persuasive intervention or manipulation. This article shows how individual-level responses over time can be incorporated in the
design of adaptive persuasive applications.
The difference between the average-level effects and the
individual-level effects of persuasion principles warrants
future research: persuasive applications should deliver on
their promise to change behavior of their users, not of other
users on average. With its focus on a healthy lifestyle,
ubiquitous persuasive technologies frequently are designed
to influence individuals. These individuals use persuasive
applications to change their own attitudes or behavior
and as such this is what the systems should be designed for.
The ubiquitous computing paradigm enables the unobtrusive
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measurement of individual responses to persuasive principles and thus enables designers to build persuasive systems
that are effective for each individual user.
Open Access This article is distributed under the terms of the
Creative Commons Attribution License which permits any use, distribution, and reproduction in any medium, provided the original
author(s) and the source are credited.
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