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Abstract

Behavior change applications often assign their users activities such as tracking the number
of smoked cigarettes or planning a running route. To help a user complete these activities,
an application can persuade them in many ways. For example, it may help the user create a
plan or mention the experience of peers. Intuitively, the application should thereby pick the
message that is most likely to be motivating. In the simplest case, this could be the message
that has been most effective in the past. However, one could consider several other ele-
ments in an algorithm to choose a message. Possible elements include the user’s current
state (e.g., self-efficacy), the user’s future state after reading a message, and the user’s sim-
ilarity to the users on which data has been gathered. To test the added value of subse-
quently incorporating these elements into an algorithm that selects persuasive messages,
we conducted an experiment in which more than 500 people in four conditions interacted
with a text-based virtual coach. The experiment consisted of five sessions, in each of which
participants were suggested a preparatory activity for quitting smoking or increasing physi-
cal activity together with a persuasive message. Our findings suggest that adding more ele-
ments to the algorithm is effective, especially in later sessions and for people who thought
the activities were useful. Moreover, while we found some support for transferring knowl-
edge between the two activity types, there was rather low agreement between the optimal
policies computed separately for the two activity types. This suggests limited policy gener-
alizability between activities for quitting smoking and those for increasing physical activity.
We see our results as supporting the idea of constructing more complex persuasion algo-
rithms. Our dataset on 2,366 persuasive messages sent to 671 people is published together
with this article for researchers to build on our algorithm.
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Introduction

Imagine a woman called Janine who wants to motivate her friend Martha to become more
physically active. Janine could motivate Martha to go for a run because that has worked for her
other friends. However, this likely only works if Martha has running shoes. If she does not
have any, just asking Martha to go for a walk might be more successful. So the success of the
motivation may depend on the state Martha is currently in. In addition, if Janine cares about
the overall success of all her motivational attempts, she should probably begin by telling Mar-
tha how to buy running shoes. This may cause Martha not to work out this week, but future
attempts to motivate her to work out are much more likely to be successful once Martha has
running shoes. So Janine should also consider the future states of Martha. And, lastly, people
differ in whether they prefer to walk or run, no matter if they have running shoes. So Janine
should also consider what type of person Martha is. Since Janine is not always available to
motivate Martha, we want to create a virtual coach. Can this virtual coach do what Janine
does?

Changing behavior such as becoming more physically active is crucial to improving health
and reducing premature death. For example, 40% of deaths in the United States are brought
about by unhealthy behavior [1, 2]. In addition, changing one behavior can make changing
another one easier. For instance, becoming more physically active may facilitate quitting
smoking [3, 4] and vice versa [5]. However, while many people want to change their behavior,
doing so without help can be difficult. For example, more than two-thirds of adult smokers in
the United States want to quit smoking [6], but most unassisted quit attempts fail [7]. One
promising way to support people in changing their behavior are eHealth applications [8],
which provide elements of healthcare over the Internet or connected technologies such as apps
and text messaging. However, while such applications can be easy to use, available at all times,
scalable, cost-effective, and can facilitate tailoring [9], adherence to them remains low [10, 11].
Adherence refers to whether and how thoroughly people do the activities suggested by the
application.

We, therefore, aim to develop persuasion algorithms that successfully encourage people to
adhere to their behavior change intervention. A one-size-fits-all approach to persuasion is
unlikely to be effective [12, 13], as behavior change theories [14, 15] suggest many factors that
affect personal behavior. However, these factors can be used as a starting point for designing
algorithm-driven persuasion. Algorithm-driven persuasion is persuasion that is determined by
programming code, with the advantage that it can use behavioral user data, target individuals
or groups, and be adaptive [16]. Previous work on persuasion algorithms has shown that one
can use data gathered on other people [17, 18], similar people [19, 20] or a single individual
[17, 18, 21-24] to choose a persuasion type (e.g., advice from peers vs. experts). However, it is
essential also to consider the context of a persuasive attempt [25-27]. One way to define a con-
text is by describing the current state a persuadee is in. For example, Bertolotti et al. [28] show
that the success of different messages to reduce red meat consumption depends on the persua-
dee’s self-efficacy. In addition, persuasion types depend not only on the persuadee’s state for
their success, but they in turn also influence the persuadee’s state for future persuasive
attempts. For instance, messages for quitting smoking differ in their impact on self-efficacy
[29]. Thus, if we want to maximize the effectiveness of persuasive attempts over time, we need
to consider both current and future states.

One framework that allows us to formulate an adaptive and data-driven algorithm that con-
siders both current and future states is Reinforcement Learning (RL). There are first results for
applying RL with consideration of people’s states to adapting the framing of messages for
inducing healthy nutritional habits [30] or the affective behavior of a social robot teacher for
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children [31]. In our approach, we investigate whether states are also helpful in persuading
people to do preparatory activities for quitting smoking, such as writing down and ranking
reasons for quitting smoking. In addition, we go a step further by also taking the similarity of
people into account. The reason is that previous work has shown that characteristics such as
the stage of behavior change [20] and personality [20, 32-38] affect the effectiveness of differ-
ent persuasion types. The result is a personalized RL algorithm for choosing persuasive
messages.

To systematically assess the value of subsequently adding the consideration of states, future
states, and the similarity of people, we conducted a longitudinal experiment. Since the effects
of these algorithm elements are difficult to assess in a complete behavior change intervention
in which many other components such as goal-setting and progress feedback can play a role
(e.g., see Brinkman et al. [39] in the context of usability testing), we created a minimal inter-
vention in which people were only coached to prepare for changing their behavior. In this
intervention, a conversational agent served as a virtual coach that suggested and persuaded
people to do preparatory activities for quitting smoking. Since becoming more physically
active may facilitate quitting smoking [3, 4], half of the activities addressed preparing for
increasing physical activity.

Hypotheses

The objective of this study was to test a personalized RL approach to persuading people to do
preparatory activities for quitting smoking and increasing physical activity. The complete algo-
rithm considers a person’s state, future states, and the similarity of people when choosing a
persuasion type. The goal thereby is that people do their activities more thoroughly, which is
supposed to facilitate quitting smoking (Fig 1). Therefore, our first hypothesis is that subse-
quently incorporating the elements of the personalized RL algorithm is more effective with
respect to how thoroughly people do their activities. Furthermore, our algorithm does not dis-
tinguish between preparatory activities for quitting smoking and ones for increasing physical
activity because both types of activities serve the same behavioral goal of quitting smoking.
This leads to our second hypothesis, which is that the best persuasion strategy is similar if we
use data collected on both types of activities compared to using data collected on solely one
type of activity. We now motivate each hypothesis in turn.

H1: Algorithm effectiveness

In the introductory example, Martha wanted to become physically active. In the simplest case,
the virtual coach could send her the persuasion type that has led people to do their activities
most thoroughly in the past. As a measure for this thoroughness, the virtual coach could use
the self-reported effort people put into assigned activities. Of course, if no such data is available
yet, the virtual coach would need to choose either randomly or based on other sources of infor-
mation such as experts due to the cold-start problem. Assuming such data is available and the
effort for three persuasion types is as shown in Fig 2A, for instance, the virtual coach would

Behavior
change

f(state, next states,
similarity)

Preparation
behavior

Fig 1. Overarching goal of our work. The goal of our persuasion algorithm is that people do their preparatory activities
more thoroughly, which is supposed to facilitate quitting smoking.

https://doi.org/10.1371/journal.pone.0277295.9001
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Fig 2. Illustration of the algorithm components. Illustration of our proposed algorithm components. To the baseline of sending the most effective
persuasion type (A) we add the consideration of states (B), next states (C), and the similarity of people (D). Circles indicate the most effective persuasion
type for the example person Martha described in the text.

https://doi.org/10.1371/journal.pone.0277295.9002
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choose persuasion type P2. However, intuitively, Martha’s reaction to persuasive attempts
might differ based on the state she is currently in. For instance, if she has no running shoes,
just motivating her to go for a walk (P1) might be better than motivating her to go running
(Fig 2B). Previous work has posited the importance of considering the context of a persuasive
attempt when striving to create effective persuasion [25-27], for example, by defining the cur-
rent state of the persuadee. This should be done so that knowing the persuadee’s state allows
one to predict the effectiveness of different persuasive messages. One such characteristic of a
persuadee’s state is the presence of barriers, such as Martha’s lack of running shoes. Alfaifi

et al. [40], for example, distinguish health, environmental, psychological, personal, and social
barriers. Another potential state feature is self-efficacy, as it influences which health messages
are more effective [28]. Moreover, how a person processes messages changes based on their
mood [41, 42]. We, therefore, posit that choosing a message based on a persuadee’s state is
more effective than choosing the overall most effective message.

The effectiveness of persuasive attempts might depend on the persuadee’s state, but a per-
suasive attempt in turn might also affect the state and thus the effectiveness of future persua-
sive attempts. Sending instructions on buying running shoes when Martha does not have any,
for example, may cause Martha to buy some and thus remove the corresponding barrier.
Future persuasive attempts that aim to increase Martha’s motivation to run may then be
more successful. Thus, even though informing Martha about buying running shoes with P3
may lead to less effort at the current time step than motivating her to go for a walk with P1, the
former may allow the virtual coach to more successfully motivate Martha in the future (Fig
2C). To estimate the overall effectiveness of P3, we can compute the discounted sum or Q-
value of the efforts after P3 at the current time step and the most effective persuasion type at
the next time step. Discounting thereby means that we give a lower weight to efforts in the
more distant future due to the importance of initial small wins [43]. In the example in Fig 2C,
the discount factor is set to 0.85, and the discounted sum or Q-value is with 11.8 the largest if
we choose P3 at the current step. Regarding the previously mentioned state features from the
literature, Steward et al. [29] found that differently framed messages vary in their impact on
self-efficacy. Given that self-efficacy determines how effective different health messages are
[28], a message choice at this time point thus determines the effectiveness of messages in the
future. Besides self-efficacy, the type of message might also affect a person’s intention to act,
anticipated regret, and attitude toward behavior [44]. We thus hypothesize that selecting a
message based on both the present and the future states of a persuadee is altogether more effec-
tive than considering only the persuadee’s present state and choosing the overall most effective
message.

A person’s state can change frequently, so we need to infer it each time we make a persua-
sive attempt. However, there are also relevant characteristics of a person which change, if at all,
very slowly. For example, the impact of message types on self-efficacy depends on a person’s
need for cognition [29]. Other variables that may affect the success of different messages
include the stage of behavior change [20], personality [20, 32-38], age and gender [34, 45], cul-
tural background [46], how people approach pleasure and pain [47, 48], self-construal or the
perceived relationship between the self and others [49], and in the context of quitting smoking
the experience with previous quit attempts [29]. Thus, we suppose that people who are more
similar concerning such characteristics are more likely to respond similarly to persuasive
attempts. When deciding how to persuade somebody, we thus want to weigh the data observed
from other people based on how similar they are to the person at hand. For example, we may
find that for people like Martha, it is better to motivate them to go for a walk (P1) than to go
for a run (P2) once they have running shoes (Fig 2D). We hence posit that considering a per-
suadee’s similarity to other people besides their current and future states when choosing a
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persuasive message is more effective than not taking the similarity to other people into
account. Overall, we thus hypothesize the following:

HI: Subsequently incorporating 1) states, 2) the consideration of future states, and 3) the
weighting of samples based on the similarity of people into an algorithm that selects the best per-
suasive message type is more effective than not incorporating the respective element.

H2: Similarity of optimal persuasion strategies

Previous work on persuasion algorithms claims the need for considering the domain. For
example, Alslaity and Tran [25] found that the impact of persuasion types varies between
domains such as e-commerce and movie recommendations. Intuitively, it is possible to contin-
uously split domains into sub-domains such as e-commerce for clothes and e-commerce for
books. Nevertheless, this is not done by persuasion approaches such as the ones by Alslaity
and Tran [25] and Kaptein et al. [17]. The underlying assumption is that there is a certain level
of domain granularity at which one can meaningfully generalize from one persuasive attempt
to another. We, therefore, assume that we can persuade people similarly for preparatory activi-
ties for quitting smoking and those for increasing physical activity, as they serve the same
behavioral goal of quitting smoking. Thus, we hypothesize the best persuasion strategy (i.e.,
policy) to be similar if we use data collected on both types of activities compared to using data
collected on only one type of activity, or more formally:

H2: The optimal policy is similar when learned based on a combined data set of activities for
smoking cessation and increasing physical activity, and when learned based on a data set of
activities for smoking cessation and on a data set of activities for increasing physical activity
separately.

Methods

To test our hypotheses stated above, we conducted a longitudinal experiment from 20 May
2021 until 30 June 2021. The Human Research Ethics Committee of Delft University of Tech-
nology granted ethical approval for the research (Letter of Approval number: 1523). Before the
collection of data, the experiment was preregistered in the Open Science Framework (OSF)
[50].

Experimental design

The experiment consisted of a prescreening to determine the eligibility of participants, a pre-
questionnaire, five sessions in which a virtual coach attempted to persuade participants to do a
new preparatory activity for quitting smoking or increasing physical activity, and a post-ques-
tionnaire. Participants were persuaded with a random persuasion type in the first two sessions
and a persuasion type chosen by a persuasion algorithm after that.

Fig 3 shows the experimental design of the study. It was set up as a double-blind mixed-
design study with two within-subject factors and one between-subject factor. The within-sub-
ject factors were the session in which a persuasive attempt was made (4 levels: sessions 1-4)
and algorithm activeness (2 levels: off/on for sessions 1-2/3-4). The between-subject factor
was the algorithm complexity used to choose a persuasion type after session 2. This factor had
four levels with successively more elaborate optimization strategies. Ordered by complexity,
the algorithm levels look for the highest value of either: 1) the average reward, 2) the average
reward in a person’s state, 3) the Q-value in a person’s state, or 4) the similarity-weighted Q-
value in a person’s state. This means that starting from sending a persuasion type with the
highest average reward, we progressively added the consideration of states, future states, and

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 6/31


https://doi.org/10.1371/journal.pone.0277295

PLOS ONE A reinforcement learning algorithm for persuading to quit smoking and to be physically active

INVITED
o At least one completed Prolific study
e Approval rate on Prolific of at least 90%
e Fluency in English
¢ Daily smoker
\ 4
{ Prescreening }
EXCLUSION
e No informed consent
5 e Not a daily smoker
e Not preparing or contemplating to quit smoking
o Currently part of another intervention to quit smoking
o Suspicious response time
v
[ Pre-questionnaire }
EXCLUSION
—> e No longer consent to participate
o Failing 2 or more out of 5 attention checks
e Suspicious response time
Session 1-2:
random persuasion
EXCLUSION
> o Failing 2 out of 2 attention checks
e Clearly nonsensical answer to free-text question
{ Randomization }
25% |, 25% ], 3 25% ] 25% EXELUSION
Session 3-5: Session 3-5: Session 3-5: Sesann 3,_,5: * Fallmg 200E0L2
S SR S persuasion "best attention checks
persuasion "best avg. | |persuasion "best avg. persuasion "best Q- s . ;
7 : 5 i similarity-weighted o Clearly nonsensical
reward reward in state value %
Q-value answer to free-text
| I question

{ Post-questionnaire }

EXCLUSION

o Failing 2 out of 2 attention checks
o Suspicious response time

Fig 3. Experimental design. Design of the experiment, including the study components and in- and exclusion criteria for participants.

https://doi.org/10.1371/journal.pone.0277295.9003
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Table 1. Chosen persuasion type for each algorithm complexity level.

Chosen Persuasion Type

1: BEST AVG. REWARD
The persuasion type a with the overall highest average reward: max,c4{R(a)}.

2: BEST AVG. REWARD IN STATE
The persuasion type a with the highest average reward in a person’s state s: max,c4{R(s, a)}.

3: BestT Q-VALUE
The persuasion type a with the highest Q-value in a person’s state s: max,cA{Q" (s, a)}.

4: BEST SIMILARITY-WEIGHTED Q-VALUE
The persuasion type a with the highest similarity-weighted Q-value in the state s of person i: max, _, {Q; (s, a)}.

Abbreviations: A, Action space; R(a), Average reward for taking action a; R(s, a), Average reward for taking action a in state s; Q*(s, a), Expected cumulative discounted

reward for taking action a in state s and an optimal action in all subsequent states.

https://doi.org/10.1371/journal.pone.0277295.t001

the weighting of samples based on the similarity of people. Table 1 provides an overview of the
four complexity levels, whose components will be explained in the next section.

After session 2, we randomly assigned participants to one of the four algorithm complexity
levels. Thereby, we aimed to balance the four groups regarding the potential covariates gender,
Big-Five personality, stage of change for becoming physically active, and the effort participants
put into their first activity. We used block randomization for the categorical gender variable,
and adaptive covariate randomization for the other variables. Adaptive covariate randomiza-
tion considers both previous assignments and covariates of people to balance condition assign-
ments within covariate profiles [51]. Our approach to adaptive covariate randomization was a
modification of the algorithm put forward by Xiao et al. [52].

Algorithm

We created a virtual coach embedded in a conversational agent that attempted to persuade
people to do small activities. For each persuasive attempt, the virtual coach selected a persua-
sion type based on its learned policy. After two to five days, the user provided the virtual coach
with feedback by reporting the effort put into their activity. The virtual coach used this feed-
back to update its policy. Formally, we can define our approach as a Markov Decision Process
(MDP) (S, A, R, T, 7). The action space A thereby consisted of different persuasion types, the
reward function R: $ X A x § — [—1, 1] was determined by the self-reported effort, T: § x A x

S — [0, 1] described the transition function, and the discount factor y was set to 0.85 to favor
rewards obtained in the near future over rewards obtained in the more distant future. The
intuition behind this value for y was that while we wanted to persuade a user over multiple
time steps successfully, a failed persuasive attempt in the near future could cause a user to
become less receptive to future ones or even to drop out entirely: early success might encour-
age people to continue [43]. The finite state space S described the state a user was in and was
captured by answers to questions about a user’s capability, opportunity, and motivation to per-
form an activity [53]. The goal of an agent in an MDP is to learn an optimal policy 7*: S — I
(A) that maximizes the expected cumulative discounted reward E[} " y'r,] for acting in the
given environment. The expected cumulative discounted reward for taking action a in state s
and an optimal action in all subsequent states is given by the Q-value function

Q" : S x A — R. To incorporate the similarity of people, the virtual coach maintained a policy
7; for each user i. When updating 7;, an observed sample from user j was weighted based on
how similar i and j were. We provide an overview of the algorithm component definitions in
Table 2. In the following, we describe each algorithm component in detail.
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Table 2. Overview of the algorithm components and their definitions.
STATE SPACE

S =1{000, 001, 010, 011, 100, 101, 110, 111}, using three binary features based on the COM-B model (see the “State space”-section for more information).
ACTION SPACE

A = {Commitment (Com.), Consensus (Con.), Authority (Au.), Action planning (AP), No persuasion (NP)}

REWARD
-1 +§ if e<e
e
r= 10 —e
10—¢e
0 otherwise,

if e>e

where e € [0, 10] is an effort response and e the mean effort.
REWARD FUNCTION

R:Sx A xS — [-1,1] such that R(s, a, §') is the instant reward for taking action a in state s and arriving in state s'.
TRANSITION FUNCTION

T:Sx Ax S — [0, 1] such that T(s, a, s') = Pr(s'[s, a) is the probability of arriving in state s after taking action a in state s.
DISCOUNT FACTOR

0.85
SIMILARITY COMPUTATION

1. Scale TTM-stage and five personality dimensions to the interval [0, 1].

2. Compute for a person i her similarity to all other people j based on the Euclidean distance between their six-dimensional trait vectors, whereby the largest distance
is mapped to a similarity of 0 and the smallest distance to a similarity of 1.

3. Compute the weight w;; of a sample from person j for person i as follows:

_ Sij
w,; = max (ZN ¢0‘00()1>,

where s;; is the similarity of i and j.
Abbreviations: COM-B model, Capability-Opportunity-Motivation-Behavior model; TTM, Transtheoretical model.

https://doi.org/10.1371/journal.pone.0277295.t002

State space. Each session, participants answered ten questions on a 5-point Likert scale.
Seven of these questions were based on the Capability-Opportunity-Motivation-Behavior
(COM-B) self-evaluation questionnaire [53]. According to the COM-B model, capability,
opportunity, and motivation together determine one’s behavior, which in turn influences
one’s capability, opportunity, and motivation [54]. This made using capability, opportunity,
and motivation as state variables for our RL approach appealing. We supplemented the seven
questions from the self-evaluation questionnaire with people’s self-efficacy due to the impact
of self-efficacy on the effectiveness of different types of persuasive messages [28]. In addition,
we asked people about their smoker and physical activity identities as according to Prime the-
ory, self-identity can be a reliable predictor of behavior [55]. These additional questions fall
under motivation in the COM-B model of behavior [56].

To lower the required amount of training data from the two training sessions, we subse-
quently reduced the size of the state space in two ways. First, we turned each state feature into
a binary feature based on whether a value was greater than or equal to the feature mean (1) or
less than the feature mean (0). Second, we selected three features in a way that was inspired by
the G-algorithm [57]. Features were selected based on average rewards for level 2 and Q-values
for levels 3 and 4 of algorithm complexity. The result of this state-space reduction was a state
space of size 2° = 8 (see Table 5 for the chosen features).

Action space. Five persuasion types defined the action space. These were authority, com-
mitment and consensus from Cialdini [58], action planning [59], and no persuasion. For each
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Table 3. Reflective questions for authority, commitment, and consensus.

Persuasion Type Reflective Question: “Please tell me what you think: . ..

Authority Which other experts, whose opinion you value, would agree with this?”

Commitment In what way does doing this activity match your decision to successfully quit smoking?”
Commitment- In what way does doing this activity match your decision to become somebody who has
Identity successfully quit smoking?”

Consensus How would people like you, in a situation like yours, agree with this?”

https://doi.org/10.1371/journal.pone.0277295.t003

persuasion type, we formulated a set of message templates that were filled in for each activity
to obtain persuasive messages. In the case of Cialdini’s persuasion types, we created these tem-
plates by removing the domain-specific information from the validated healthy eating mes-
sages by Thomas et al. [36]. Due to the importance of self-identity in behavior [55], we also
added two identity-based message templates for the commitment persuasion type. For action
planning, we created templates based on the formulation by Sniehotta et al. [60]. However,
rather than asking participants to enter their action plans in a table, the virtual coach prompted
them to create an if-then plan of the form “If (situation), then I will (do activity)” based on
Chapman et al. [61]. In addition, the virtual coach provided an example of such an if-then plan
as recommended by Hagger and Luszczynska [59]. S1 Appendix lists examples of the resulting
templates and persuasive messages.

The virtual coach asked the participants to type their action plans into the chat, which indi-
cated whether the participants had read the message. In the case of the three persuasion types
from Cialdini, however, simply showing the persuasive messages may have meant that partici-
pants did not centrally process or even read the messages [62]. However, such central process-
ing was desirable. As the elaboration likelihood model indicates, high-effort central processing
of messages leads to attitudes that are more likely to be persistent over time, resistant to coun-
terattack, and influential in guiding thought and behavior [63]. Therefore, we attempted to
increase in-depth central processing of the persuasive messages in three ways. First, the virtual
coach printed the persuasive messages in boldface [64] to reduced distraction [63]. Second, the
virtual coach asked participants to answer reflective questions to increase self-referencing [63,
65] (Table 3). Third, we repeated the persuasion type [63] by adding reminder questions to the
reminder messages participants received after each session (Table 4). We based these reminder
questions on the ones used by Schwerdtfeger et al. [62] to remind people of their action plans
and sent them for Cialdini’s persuasion types as well as action planning.

Reward. In sessions 2-5, participants were asked about the overall effort they put into
their previously assigned activity on a scale from 0 to 10. Based on the mean effort e computed
after session 2, the reward r € [—1, 1] for an effort response e was computed as follows:

—1+§ ife<e
e
r = 10 —e

1- -
10 —e
0 otherwise.

ife>e

Table 4. Examples of reminder question templates. Examples of templates for the reminder questions that are added to the reminder messages people receive.

Persuasion Type Example of Reminder Question Template

Action planning Keep in mind your rule for (doing activity) before the next session!

Authority Do you remember which experts, whose opinion you value, would argue that (doing activity) may help to (positive impact of activity)?
Commitment Recall how (doing activity) is in line with your decision to successfully quit smoking!

Consensus Don’t forget how people like you, in a situation like yours, would testify that (doing activity) may help to (positive impact of activity)!

https://doi.org/10.1371/journal.pone.0277295.t1004
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The idea behind this reward signal was that an effort response that was equal to the mean effort
was awarded a reward of 0, and that rewards for efforts greater and lower than the mean were
each equally spaced.

Reward and transition functions. The reward and transition functions were estimated
based on the samples collected from the first batch of people (N = 516) who successfully com-
pleted session 2. No updates to these training samples were made afterward as more data was
collected.

Similarity computation. Rather than choosing the same persuasion type for each person
in a state, the virtual coach maintained a separate policy 7; for each user i. When computing 7,
an observed sample from user j was weighted based on how similar i and j were. The virtual
coach computed the similarity based on people’s Big-Five Personality [66] and Transtheoreti-
cal Model (TTM)-stage [67] for becoming physically active. We chose these variables due to
extensive previous work showing their impact on the success of different forms of persuasion
[20, 32-38]. We did not consider the TTM-stage for quitting smoking, as participants had to
be in one of two specific stages (i.e., contemplation or preparation) to be eligible for the study.
For the similarity computation, the virtual coach first scaled the TTM-stage and the five per-
sonality dimensions to the interval [0, 1] so that the features had the same scale. Next, the vir-
tual coach computed for a person i her similarity to all other people j based on the Euclidean
distance between their six-dimensional trait vectors. Thereby, the virtual coach mapped
Euclidean distances to similarities so that the similarity for the smallest Euclidean distance was
1, and the similarity for the highest Euclidean distance was 0. Lastly, the virtual coach com-
puted the weight w;; of a sample from person j for person i as follows:

5i
w; = max <Zk5ik , 0.000l) , (1)
where s;; is the similarity of i and j, k denotes a person on which samples were gathered, and
the addition of 0.0001 was to ensure that no sample was given a weight of 0.

These similarity-based sample weights affected how the reward and transition functions
were estimated for a person. For example, given a training set with one sample of the form
(Sg, Gy, 1y, ;) from each of K people, the reward Ry(s, g, s') for person i was computed as so:

ZkeK.xk:s‘ak:a,s;:s’ Wik

ZkEK.sk :s.ak:a,s;(:s’ Wik

R,(s,a,s')

(2)

Algorithm training

The persuasion algorithm on all four complexity levels was trained based on the data gathered
in sessions 1 and 2 for the first batch of people (N = 516) who successfully completed session 2
(see Table 5 for the resulting policies). No samples were later added to this training set of 516
samples so that the policies for all people were trained on the same number of samples and
hence comparable. For algorithm complexity levels 3 and 4, Q-values were computed via value
iteration based on the estimated reward and transition functions.

The number of samples used to train the algorithm complexity levels was based on the
guidelines by Cohen [85] for multiple regression analysis and a medium effect, an alpha of
0.05, and three independent variables (i.e., the three state features that describe the state
space). This resulted in a sample size of 76. Since we have five actions, we multiplied this sam-
ple size by five for a value of 380. We used with 516 more than 380 samples as we had more
people in the first batch of people who successfully completed session 2. Moreover, we ana-
lyzed the impact of sample sizes ranging from 25 to 2300 on the Q-value estimation and
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Table 5. The learned policy used in sessions 3-5 for each algorithm complexity level. The state feature selection and training of all policies were based on the data gath-
ered in sessions 1 and 2 for the first batch of people (N = 516) who successfully completed session 2. This training set of 516 samples was not updated thereafter as more

data was gathered.

Learned Policy

1: BEST AVG. REWARD
Commitment

2: BEST AVG. REWARD IN STATE

State Feature State
1 2 3 4 |5 6 7 8
Feeling like wanting to do an activity (F5) 0 0 0 1 1 1
Feeling like being part of a group that is doing these kinds of 0 0 1 1 0 0 1 1
activities (F4)
Thinking they can do an activity (F8) 0 1 0 1 /0 1 0 1
Action AP AP Con. | NP| Con. | NP NP Com.
3: BesT Q-VALUE
State Feature State
1 2 3 4 |5 6 7 8
Thinking that it would be a good thing to do an activity (F7) 0 0 0 0 1 1 1 1
Thinking they can do an activity (F8) 0 0 1 1 |0 0 1 1
Knowing why it is important to do an activity (F1) 0 1 0 1 |0 1 0 1
Action Con. | Con. | Com. | NP | Au Com. | Con. | Com.
4: BEST SIMILARITY-WEIGHTED Q-VALUE
State Feature State
1 2 3 4 |5 6 7 8
Thinking that it would be a good thing to do an activity (F7) 0 0 0 0 |1 1 1 1
Thinking they can do an activity (F8) 0 0 1 1 0 0 1 1
Knowing why it is important to do an activity (F1l) 0 1 0 1 0 1 0 1
Action Con. | Con. | Com. | NP | NP Au. Con. | Com.

The policy above is an example for one person (there was a separate policy for each person).

Abbreviations: Avg., Average; F, Feature; AP, Action planning; Con., Consensus; NP, No persuasion; Com., Commitment; Au., Authority.

https://doi.org/10.1371/journal.pone.0277295.t005

optimality of chosen actions. Specifically, we estimated the reward function, transition func-
tion, and the resulting “true” Q-values and optimal policy based on all 2366 samples gathered
in our study. We then randomly drew different numbers of samples from these 2366 samples
and computed the mean L;-error for predicting the true Q-values based on 100 repetitions per
sample size. We obtained a mean L;-error of 0.68 for our sample size of 516, which is a reduc-
tion by more than two thirds of the mean L,-error for a sample size of 25. In addition, the
mean L,-error for the true Q-values of the estimated optimal actions compared to the true
optimal actions per state is only 0.08. This shows that the optimal action chosen based on 516

samples is only slightly worse than the true optimal action. S9 Appendix provides further

information on this.

Materials

We used four online services in this study: Prolific for recruiting, inviting, and communicating
with participants, Qualtrics for hosting the questionnaires and instructions for the conversa-
tional sessions, and Google Compute Engine to host the virtual coach and the sessions via Rasa
X. In addition, some activities assigned in the sessions involved watching a video on YouTube.
Virtual coach. The virtual coach used for the sessions was implemented in Rasa [68]. It
had the name Sam, which may help to increase its social presence [69]. Sam presented itself as
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being there to help people to prepare to quit smoking and become more physically active as
the latter may aid the former. In its responses, Sam used techniques from motivational inter-
viewing [70] such as giving compliments for putting much effort into assigned activities and
expressing empathy otherwise. Empathy can thereby also help to form and maintain a relation-
ship with a user [71], which can support behavior change [69]. Based on discussions with
smoking cessation experts, Sam maintained a generally positive and encouraging attitude
while trying to avoid responses that may be perceived as too enthusiastic [72]. To make the
conversations accessible for people with low literacy levels, large chunks of text were broken
up into multiple messages, in between which participants had to indicate when to proceed. In
addition, participants communicated mainly by clicking on buttons with possible answer
options. Only when free-text input was crucial, such as when writing about the experience
with an assigned activity, were buttons not used. Lastly, to avoid repetitiveness, Sam randomly
chose from several different formulations for an utterance. This is important, as repetitiveness
can negatively influence the engagement with a system and motivation to perform an advo-
cated behavior [71]. The implementation of the virtual coach can be found online [73].

Preparatory activities. In each session, the virtual coach asked participants to complete a
new preparatory activity for next time that related to quitting smoking or increasing physical
activity, such as writing down and ranking reasons for quitting smoking:

Having high aspiration to quit smoking may aid quitting successfully. So, before the next ses-
sion, I advise you to identify and write down reasons why you want to stop smoking. After
writing them down, think about which reasons are most important to you and order them
accordingly.

The virtual coach selected the activities from a pool of 24 activities of similar duration, 12
each for quitting smoking and increasing physical activity. The activities for quitting smoking
were based on components of the StopAdvisor smoking cessation intervention [74] and
future-self exercises [75, 76]. The ones for increasing physical activity were generated by adapt-
ing the smoking cessation activities. Each activity formulation included reasoning for why the
activity could help to prepare to quit smoking. A psychologist and smoking cessation expert
read through the activity formulations to ensure they were suitable and clear. The virtual
coach proposed one activity for quitting smoking and one for increasing physical activity in
the first two and the subsequent two sessions to each participant. The virtual coach chose the
type of activity in the fifth session randomly. It selected an activity for an activity type uni-
formly at random while avoiding repetitions of the same and very similar activities (e.g., creat-
ing a personal rule for not smoking and creating a personal rule for becoming more physically
active). So participants were never asked to do an activity more than once, as the goal was not
to create habits. The formulations of the activities are provided in S8 Appendix.

Measures

Primary measures. To assess the effectiveness of subsequently adding the algorithm com-
ponents for our first hypothesis, we used the following primary measures:

Effort. The virtual coach measured the effort by asking participants about the effort they put
into their previously assigned activity on a scale from 0 (“Nothing”) to 10 (“Extremely strong”).
The scale was adapted from Hutchinson and Tenenbaum [77]. Note that this effort measure
also served as a basis for choosing persuasion types in the four algorithm complexity levels.

Perceived motivational impact. The virtual coach measured the perceived motivational
impact of the sessions by asking participants “Please rate the impact of our last 2 conversations
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on your motivation to do your previous assigned activities” at the beginning of their third and
fifth sessions. The virtual coach prompted participants to enter any number between -10 and
10, with -10 being “Very negative,” 0 being “Neutral” and 10 being “Very positive.”

Secondary measures. Algorithm input measures. We measured several variables as input
for the persuasion algorithms. This included ten possible state features, seven of which were
adapted from the COM-B self-evaluation questionnaire [53] (e.g., “I know why it is important
to do the activity”) and answered on a 5-point Likert scale. The other three features were based
on measuring self-efficacy [60] on a 5-point Likert scale, smoker identity [78] with the addi-
tional answer option “Smoker,” and physical activity identity. For the latter, we adapted the
item with the highest factor loading from the Exercise Identity Scale [79] to physical activity
and asked participants to rate it on a 5-point Likert scale. The highest algorithm complexity
level further required computing how similar people were. We accomplished this by using
people’s Big-Five personality based on the 10-item questionnaire by Gosling et al. [66] and
TTM-stage for becoming physically active based on an adaptation of the question by Norman
et al. [80] to physical activity.

Activity involvement. For exploration purposes, we further measured participants’ involve-
ment in their assigned activities in the post-questionnaire. We, therefore, asked participants to
rate three items to assess whether they found their assigned activities interesting, personally
relevant, and involving. The three items were based on Maheswaran and Meyers-Levy [81]
and answered on a scale from -5 (“Disagree strongly”) to 5 (“Agree strongly”).

Potential covariates. We collected data on potential covariates for the first hypothesis in the
pre-questionnaire. Besides the variables discussed above, this included quitter self-identity
measured with three items based on Meijer et al. [82], the need for cognition based on the
three items from Cacioppo et al. [83] used by Steward et al. [29], and physical activity identity
based on an adaptation of the Exercise Identity Scale by Anderson and Cychosz [79] to physi-
cal activity. All items were rated on 5-point Likert scales.

Data for future research. We measured several other variables for future research. These var-
iables are not discussed in this paper but are described in our OSF preregistration form [50].

Participants

Prior to the experiment, we computed a conservative estimate of the sample size required for
evaluating the effectiveness of the four algorithm complexity levels using the Monte Carlo sim-
ulation described in Chapter 4.9.2 in Chechile [84]. We ran the simulation based on the ability
to find an effect size (Cohen’s g) of 0.1, which is halfway between a small (g =.05) and a
medium (g = .15) effect size according to Cohen [85], with reliable Bayes factor values of 19 or
more for four conditions and a binary response variable. The result was a sample size of 132
per algorithm complexity level, resulting in a total of 528 participants. This estimate was con-
servative, as we had interval dependent variables instead of binary ones. In reaching the sample
size, we were constrained by a budget limit of 5,000 euros.

Moreover, we conducted a Bayesian power analysis based on a Monte Carlo approach. We
used 500 simulations of two conditions with a medium difference of 0.3 [85] between their
standard normally distributed means. For each simulation, we computed the Bayes factor for
the hypothesis that the mean of the second condition is higher than the one of the first condi-
tion. The power was then calculated as the fraction of simulations in which the Bayes factor
was at least 19. The result was a power of 0.78 for 129 samples per condition, which is the low-
est number of samples we obtained for an algorithm complexity level for the last session.

To be eligible, participants had to be fluent in English, smoke tobacco products daily, con-
template or prepare to quit smoking [86], not be part of another intervention to quit smoking,
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and provide informed consent. In addition, we used the quality measures on Prolific to choose
people who had completed at least one previous study and an approval rate of at least 90% for
their previously completed studies. 1406 participants started the prescreening questionnaire,
and 521 of the 922 eligible participants successfully reported on all their assigned activities in
sessions 2 to 5. Participants were not invited to a subsequent study component when doing an
entire component twice or failing two or more attention checks. In addition, participants had
to respond to a study component invitation within about one day for the pre-questionnaire,
three days for the sessions, and seven days for the post-questionnaire. The participant flow is
depicted in S2 Appendix. Participants who completed a study component were paid based on
the minimum payment rules on Prolific, which require a payment rate of five pounds sterling
per hour. Participants were informed that their payment was independent of how they
reported on their suggested preparatory activities to account for self-interest and loss aversion
biases [87]. Self-interest bias can arise when incentives exist that motivate participants to
respond in a certain way; loss aversion bias can occur when participants choose to not partici-
pate or to drop out when suspecting that they may not be paid fairly. Participants who failed
two or more attention checks in a study component were not reimbursed.

S3 Appendix lists participant characteristics such as age, gender, TTM-stage for quitting
smoking, and the existence of previous quit attempts for each algorithm complexity level. We
compared Bayesian models with and without the algorithm complexity level as a predictor for
each characteristic to test for systematic differences between the four levels. We found that
based on the Widely Applicable Information Criterion (WAIC), the model with the algorithm
complexity level as a predictor always performed worse than the model without this predictor,
therefore providing no indication of systematic differences between the algorithm complexity
levels for these characteristics. Participants were nationals of diverse countries such as the
United Kingdom, Portugal, the Russian Federation, the United States, Chile, South Africa,
Nigeria, Turkey, India, Malaysia, and Australia.

Procedure

We opened the intake for the prescreening questionnaire on Prolific on each of seven different
days between 20 May and 8 June 2021. Each time, we invited as many people as we could
afford to reach but not exceed our budget limit in case of no further dropout. Participants
meeting the qualification criteria could access the prescreening questionnaire on Prolific, and
those who passed the prescreening were invited to the pre-questionnaire about one day later.
In the pre-questionnaire, we collected participant data such as the Big-Five personality and
TTM-stage for becoming physically active. One day after completing the pre-questionnaire,
we invited participants to the first of five sessions in which the virtual coach Sam assigned
them a preparatory activity together with a persuasion type. Participants received instructions
on interacting with Sam in Qualtrics before being directed to a website for the conversation.
The structure of the conversations is depicted in S4 Appendix and two excerpts of actual con-
versations are shown in S5 Appendix. Each session lasted about five to eight minutes, and invi-
tations to a subsequent session were sent about two days after having completed the previous
one. The study ended with a post-questionnaire, to which participants were invited about two
days after completing the last session.

Data preparation and analysis strategies

First, we corrected entry errors from state and attention check questions in the sessions that
participants messaged us about on Prolific (N = 4). The corrections for state questions (N = 2)
pertained to the question on smoker identity, with two participants correcting their entries
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from “non-smoker” and “ex-smoker” to “smoker” for session 1. As participants were per-
suaded randomly in session 1, these entry errors did not affect the conversations. Entry errors
for attention check questions (N = 2) had no effect on the conversations irrespective of the ses-
sion. Next, we preprocessed the gathered data by 1) using only data from sessions and the
post-questionnaire if people passed at least one attention check during the respective compo-
nent, and 2) using the first recorded submission for a study component if people did the com-
ponent more than once. In the following, we describe our data and analysis strategies for each
hypothesis in detail. All data and analysis code can be found online [88].

H1: Algorithm effectiveness. We conducted a multi-level (i.e., hierarchical) Bayesian
analysis of the data.

Further data preparation. We removed the data of people who did not complete session 2
and were therefore not assigned to a condition (N = 5). To make an exploratory analysis of
subgroups based on activity involvement possible, we computed the reliability of the corre-
sponding three items. As the reliability was sufficiently high (Cronbach’s o = 0.89), we used
the mean of the items as an index measure.

Statistical models. We created three statistical models. For both dependent variables, the
effort people put into their activities and the perceived motivational impact of the sessions, we
fit models that contained a general mean, a random intercept for each participant, a fixed effect
for algorithm activeness, a fixed effect for the algorithm complexity level, and a fixed interac-
tion effect between the algorithm complexity level and algorithm activeness. For the effort, we
also fit a second model that additionally included a main fixed effect for the session, as well as
fixed interaction effects between the session and the other two factors. We fit all three models
with diffuse priors based on the ones used by McElreath [89]. In addition, we performed a
prior sensitivity analysis to assess the impact of using different priors. We found only a limited
effect on the posterior probability for a hypothesis being true, as it changed by at most 0.02. A
t-distribution was fit for the dependent variable in each model.

Covariates. We explored potential covariates such as the type of the assigned activities (i.e.,
quitting smoking or increasing physical activity), physical activity identity, and quitter self-
identity. Adding these variables did not change the conclusions drawn about our hypothesis,
and therefore we did not include the variables in the final models.

Inference criteria. For each of the three statistical models, we computed the posterior proba-
bility that our hypothesis was true based on samples drawn from the estimated model. This
means that we evaluated for each model the posterior probability that the relevant parameter
was greater than 0. For the first two models, this parameter was the fixed two-way interaction
effect between the algorithm complexity level and algorithm activeness. For the third model it
was the fixed three-way interaction effect between the algorithm complexity level, algorithm
activeness, and the session. We interpreted posterior probabilities using the guidelines by Che-
chile [84] and their extension to values below 50% based on Andraszewicz et al. [90]. We also
report the 95% Highest Density Intervals (HDIs) for the parameters, with an HDI being “the
narrowest interval containing the specified probability mass” [89]. In addition, we used the
Region of Practical Equivalence (ROPE) method [91] as a secondary method to evaluate the
results. This method allows one to accept or reject a hypothesis or to withhold a decision. As
the results of this method were all inconclusive, we do not report them.

Implementation. All analyses were carried out in R with the rethinking package [89]. We
provide code to reproduce the analyses in a Docker container as recommended by van de
Schoot et al. [92].

Exploratory subgroup analysis based on activity involvement. We divided participants into
subgroups based on whether their activity involvement was greater than or equal to the median
(N'=269) or less (N = 231). The analyses for the three models were then repeated separately
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for each subgroup. Note that since we measured the activity involvement in the post-
questionnaire, this analysis only included participants for whom we had data on at least one
passed attention check from the post-questionnaire (N = 500).

H2: Similarity of optimal persuasion strategies. Data preparation. We compared the
optimal policies computed based on all collected data to using only the data on activities for
either quitting smoking or increasing physical activity. Therefore, we distributed the gathered
data over three datasets based on the activity type. This resulted in 1175 samples for quitting
smoking, 1191 for increasing physical activity, and 2366 for both activity types together.

Analysis plan. We computed the optimal policies for each non-baseline algorithm complex-
ity level (i.e., levels 2-4) for each dataset. To use equal amounts of data for both activity types,
we randomly drew 1,000 samples from each activity type. This means that we used 1,000 and
2,000 samples, respectively, when computing a policy based on a single activity type and both
activity types together. To account for the impact of this random selection, the sampling and
subsequent optimal policy computation were conducted 100 times. Afterward, we
concatenated the optimal policies for the 100 repetitions into a single list for each data type. In
the case of multiple best actions for a state, one of the best actions was chosen uniformly at
random.

Inference criteria. For each non-baseline algorithm complexity level, we calculated Cohen’s
Kk between the list of optimal policies based on activities for both quitting smoking and increas-
ing physical activity, and the list of optimal policies computed based on only samples in which
participants were advised to do a preparatory activity for either quitting smoking or increasing
physical activity. The outcomes were interpreted based on the guidelines by Landis and Koch
[93] shown in S6 Appendix. We also determined Cohen’s k between the optimal policies com-
puted based on different samples drawn from the same data type for exploratory purposes.
This allowed us to draw conclusions about the consistency of policies computed on a certain
data type.

Implementation. We provide code to reproduce the analyses in Python.

Results

Tables 6 and 7 provide overviews of the mean effort and perceived motivational impact per
algorithm complexity level and measurement moment. As the reward was computed based on
the effort, the former gives an indication of the reward obtained by the virtual coach for the
four algorithm complexity levels. Furthermore, S7 Appendix shows the mean effort per activity
and activity type. To give some intuition for the size of the observed differences in Tables 6
and 7, we can divide the largest change between the first and last measurement moment for a
complexity level by the standard deviation. The resulting effect size is 0.14 based on an

Table 6. Mean effort per algorithm complexity level and measurement moment.

Measurement Moment

Complexity Level 1 2 3 4

1: Best avg. reward 5.55 (2.52) 5.49 (2.74) 5.49 (2.94) 5.59 (2.88)
2: Best avg. reward in state 5.54 (2.54) 5.20 (2.84) 5.20 (3.09) 5.46 (3.01)
3: Best Q-value 5.48 (2.56) 5.40 (2.94) 5.32 (2.99) 5.88 (2.86)
4: Best similarity-weighted Q-value 5.45 (2.47) 5.13 (2.81) 5.29 (3.00) 5.11 (3.12)

Standard deviations are provided in parentheses.
Effort was measured on a scale from 0 to 10.

Abbreviations: avg., average.

https://doi.org/10.1371/journal.pone.0277295.t1006
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Table 7. Mean perceived motivational impact per algorithm complexity level and measurement moment.

Measurement Moment

Complexity Level 1 2

1: Best avg. reward 5.01(3.42) 5.20 (3.48)
2: Best avg. reward in state 4.83 (3.61) 5.23(3.97)
3: Best Q-value 4.75 (3.22) 5.40 (3.22)
4: Best similarity-weighted Q-value 4.64 (3.41) 5.05 (3.43)

Standard deviations are provided in parentheses.
Perceived motivational impact was measured on a scale from -10 to 10.

Abbreviations: avg., average.

https://doi.org/10.1371/journal.pone.0277295.1007

observed change of at most 0.40 for the effort, and 0.20 based on an observed change of at
most 0.66 for the perceived motivational impact. Both effect sizes are at most small according
to Cohen [85].

H1: Algorithm effectiveness

Between the two baseline sessions and the two sessions in which the algorithms were active,
the largest increase in effort was observed in complexity levels 1 and 3 (Fig 4A). Quantifying
these observations based on our Bayesian analysis, Table 8 reveals that it is not worth betting
against higher complexity levels leading to a larger increase in effort, with the mean of the
credible values showing a decrease of 0.05 in effort between complexity levels 1 and 4 when the
algorithms are active. The HDI thereby ranges from -0.43 to 0.33, with only 39% and thus less
than half of the credibility mass favoring higher complexity levels leading to a larger increase
in effort. However, a detailed examination of Fig 4A suggests that there are differences between
the two active sessions, which are sessions 3 and 4. Specifically, complexity level 3 exhibits a
change from an effort similar or lower compared to level 1 in session 3 to the highest effort in
session 4. Complexity level 4, on the other hand, shows a decrease in effort between the two
active sessions.

These observations are found back when the fit model is extended with the session as a pre-
dictor and specifically a three-way interaction effect between algorithm complexity, algorithm
activeness, and session. This fit model assigns a posterior probability of 0.70 to the hypothesis
that the increase in effort between the two active sessions is larger for higher complexity levels

P -
7 7 7 -
o —
= ~ —
" EX Complexity Level
6
— 5 i - — e == 1: Best avg. reward
S S 5] 2: Best avg. reward
S o S =
2 e = e in state
w Npmilitr™ w w = 3: Best Q-value
5 5 5 4: Best similarity—
weighted Q-value
4 4 4
1 2 3 4 1 2 3 4 1 2 3 4
Session Session Session
A) All people. B) Low involvement. C) High involvement.

Fig 4. Mean effort per session and algorithm complexity level.

https://doi.org/10.1371/journal.pone.0277295.9004
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Table 8. Results of Bayesian analyses of effort and perceived motivational impact.

DV Parameter Mean [HDI] (SD) Post Evaluation

Effort alg. level x alg. activeness -0.05 [-0.43, 0.33] (0.19) 0.39 Not worth betting against
alg. level x alg. activeness x session 0.20 [-0.57, 0.97] (0.40) 0.70 Not worth betting on
PMI alg. level x alg. activeness 0.09 [-0.34, 0.54] (0.22) 0.67 Not worth betting on

Abbreviations: DV, Dependent variable; HDI, Highest density interval; SD, Standard deviation; Post, Posterior probability that a parameter’s value is greater than 0;

PMI, Perceived motivational impact.

https://doi.org/10.1371/journal.pone.0277295.t008

(Table 8). As a result, more than half of the credibility mass are in favor of this hypothesis. Sim-
ilarly, we observe in Fig 5A that complexity level 3 is accompanied by the largest increase in
perceived motivational impact. Despite the increase being lower for complexity level 4 than for
level 3, there is hence additional support for the first hypothesis. A Bayesian analysis confirms
this (Table 8). More precisely, the posterior probability that the increase in perceived motiva-
tion impact is larger for higher complexity levels is 0.67. In other words, more than half of the
credibility mass support this.

We also conducted separate analyses for people with high and low involvement in their
activities for exploratory purposes. The mean effort is higher for people with high involvement
(Fig 4C) than for those with low involvement (Fig 4B). For the high involvement subgroup,
complexity level 1 shows the largest increase in effort between the two baseline and the two
active sessions (Fig 4C). Quantitatively, the mean credible value is -0.20 with a posterior proba-
bility of only 0.20 that this increase is larger for higher complexity levels (Table 9). Again, how-
ever, complexity level 3 is associated with the largest increase in effort between the two active
sessions (Fig 4C). This matches the quantitative results, according to which the posterior prob-
ability in favor of higher complexity levels leading to a larger increase in effort between the two
active sessions is 0.96, a “good bet—too good to disregard” (Table 9). For people with low
involvement, on the other hand, complexity level 1 is associated with the largest drop in effort
between the two baseline and the two active sessions (Fig 4B). While this quantitatively leads
to a posterior probability of 0.67 for higher complexity levels leading to a larger increase in
effort (Table 9), none of the algorithm levels is very effective for this subgroup. Regarding the
increase in effort between the two active sessions, complexity level 2 performs best but is still
hardly effective in session 4 (Fig 4B). Therefore, based on our Bayesian analyses, it is not worth
betting against higher complexity levels leading to a larger increase in effort between the two
active sessions for this subgroup due to a posterior probability of 0.26.

Next, we conducted an exploratory analysis of the perceived motivational impact in the two
subgroups. For people with high involvement (Fig 5C), the perceived motivational impact is
much higher than for people with low involvement (Fig 5B). Thereby, complexity levels 3 and
4 show a larger increase in perceived motivational impact than levels 1 and 2 for the high
involvement subgroup (Fig 5C). Given that this is the case only for complexity level 3 when
both subgroups together are considered (Fig 5A), there seems to be more support for higher
complexity levels leading to a larger increase in perceived motivational impact for people with
high involvement. Quantitatively, the posterior probability in favor of this is 0.87, which can
be qualified as a casual bet (Table 9). However, in contrast to the high involvement subgroup,
we do not find much support for this for the low involvement subgroup. Neither of the four
complexity levels is associated with an apparent increase in perceived motivational impact and
instead levels 1 and 4 suggest even a slight decrease (Fig 5B). The posterior probability of 0.16
confirms this. In other words, it qualifies as a casual bet against higher complexity levels lead-
ing to a larger increase in perceived motivational impact for this subgroup (Table 9).
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H2: Similarity of optimal persuasion strategies

Table 10 shows fair to moderate agreement between the policies computed based on both
activity types together on the one hand and activities solely for quitting smoking or increasing
physical activity separately on the other hand for the non-baseline algorithm complexity levels.
The agreement thereby tends to be much stronger for algorithm complexity level 3 and for
physical activity also for algorithm complexity level 4. For reference, an upper limit of agree-
ment was calculated by examining the agreement between policies computed from samples
drawn from the same data set. This upper limit is moderate agreement for all three complexity
levels.

Discussion and conclusion

The presented longitudinal study examined the effectiveness of subsequently adding the con-
sideration of states, future states, and the similarity of people to a personalized RL algorithm
for persuading people to do preparatory activities for quitting smoking and increasing physical
activity. The findings provide some support that people’s reported motivation is positively
affected by using higher algorithm complexity levels. The effort people spent on the activities
also provides some support. Here, however, the overall advantage of using more algorithm ele-
ments becomes apparent only after some time, and initially, there seems to be no positive

Table 9. Results of Bayesian analyses of effort and perceived motivational impact for people with low and high activity involvement.

DV Mean [HDI] (SD) Post Evaluation
LOW ACTIVITY INVOLVEMENT
Effort alg. level x alg. activeness 0.18 [-0.55, 0.94] (0.39) 0.67 Not worth betting on
alg. level x alg. activeness X session -0.45 [-1.83, 0.94] (0.71) 0.26 Not worth betting against
PMI alg. level x alg. activeness -0.45 [-1.36, 0.44] (0.46) 0.16 Only a casual bet against
HIGH ACTIVITY INVOLVEMENT
Effort alg. level x alg. activeness -0.20 [-0.67, 0.26] (0.24) 0.20 Only a casual bet against
alg. level x alg. activeness X session 0.80 [-0.10, 1.69] (0.46) 0.96 Good bet—too good to disregard
PMI alg. level x alg. activeness 0.26 [-0.20, 0.71] (0.23) 0.87 Only a casual bet

Abbreviations: DV, Dependent variable; HDI, Highest density interval; SD, Standard deviation; Post, Posterior probability that a parameter’s value is greater than 0;

PM]I, Perceived motivational impact.

https://doi.org/10.1371/journal.pone.0277295.t009
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Table 10. Cohen’s k for algorithm complexity levels 2 to 4 after computing the optimal policies based on different
types of data. The types of data result from splitting the data based on the activity type, or using the data on both activ-
ity types together.

Data Type Complexity Level
1 2 2 3 4

MAIN ANALYSES

Smoking cessation Both 0.33 0.36 0.26
Physical activity increase Both 0.29 0.49 0.48
REFERENCE ANALYSES

Both Both 0.60 0.54 0.58
Smoking cessation Smoking cessation 0.54 0.56 0.42
Physical activity increase Physical activity increase 0.51 0.57 0.59

https://doi.org/10.1371/journal.pone.0277295.t1010

impact. This is reflected by the three-way interaction effect in Table 8 and also visible in the
increase in effort between session 3 and 4 for complexity level 3 in Fig 4A. Looking at the algo-
rithm complexity levels separately, the level that considers current and future states by choos-
ing a persuasion type with the highest Q-value seems most successful in moving people to
future states in which they can be persuaded better. Support for this is even stronger for people
who found the suggested activities most useful. An explanation may be that the persuasive
messages have a stronger and more persistent impact on people with high activity involve-
ment. According to the elaboration likelihood model, high involvement in an issue makes it
more likely that messages are processed in detail [81]. Such in-depth processing in turn is
more likely to have a persistent impact [63].

Extending the algorithm by weighting observed data samples based on the similarity of peo-
ple did not perform well in this study. Specifically, the results suggest that the fourth algorithm
complexity level that additionally considers the similarity of people based on their TTM-stage
for becoming physically active and Big-Five personality is associated with a lower effort spent
on the activities than the third level. This shows that increased personalization can be harmful,
even if it is informed by literature, as in our case. One reason could be the necessity of using
more domain-specific similarity variables such as quitter self-identity [82]. Future work can
use our published data to determine whether such similarity variables are relevant in our
domain. Moreover, while we computed similarity based on the Euclidean distances between
vectors of user characteristics, other distances such as the cosine distance could be used (see
Ontanodn [94] for an overview).

Another interesting observation is that the impact of using higher algorithm complexity
levels for people with low activity involvement appears to be not zero but in fact negative for
the increase in effort between the two active sessions and the perceived motivational impact.
This suggests that choosing persuasion types based on higher algorithm complexity levels is
worse for this subgroup than doing so based on lower ones. The reason might be a novelty
effect [95, 96]. A novelty effect arises because people are initially curious about a new system
or technology and have high expectations. However, this curiosity and perceived usefulness
fade over time as people become aware of the system’s limitations. Applying this novelty effect
to our study, participants likely had high expectations about the system’s capability to help
them prepare to quit smoking at the beginning. Afterward, the perceived usefulness of the
approach may have decreased for some people as their expectations were not met. However,
since we used the data gathered in the first two sessions as training data for the persuasion
algorithms, the algorithms were trained mainly based on people who thought the system was
useful. This likely lowered the performance of our algorithms overall, but especially the
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performance of higher algorithm complexity levels for people with low activity involvement.
This is the case because these higher algorithm complexity levels were fit more tightly to the
data gathered from people with high activity involvement in the first two sessions. An impor-
tant implication for future work is that it may be relevant to consider when a data sample was
gathered during the behavior change process. Especially when persuasive attempts are made
over a long time, might it be beneficial to give a lower weight to samples collected at the begin-
ning of the interaction with the system. Furthermore, since people’s preferences can also
change over time [97], the weights for later samples need to be chosen carefully as well.

As to our second hypothesis, we see some agreement between the persuasion types chosen
based on all collected data and the ones chosen based on data for only quitting smoking or
increasing physical activity. This lends some support to transferring knowledge between these
two activities types. Yet, we find that the agreement tends to be higher between optimal poli-
cies computed based on different samples of the same data type. This suggests that the algo-
rithm could be improved by considering the activity type in the optimal policy computation.
One reason for the lower agreement between optimal policies computed based on different
data types might be that the involvement in the two activity types differed. We observed, for
example, that people put overall less effort into activities for physical activity increase than
ones for smoking cessation (S7 Appendix). Since the effort in our study was lower for people
with low involvement in the activities, the processing of messages for the two activity types
may have been different. Potentially, the link between becoming more physically active and
quitting smoking could be made more evident. Besides higher agreement between optimal pol-
icies computed on the same data type, we also find that higher agreement between optimal pol-
icies computed based on different data types is achieved for algorithm complexity level 3 and
for physical activity also for level 4. Thus, incorporating future states in algorithm complexity
levels 3 and 4 and using people’s TTM-stage for becoming physically active to weigh the
observed samples in algorithm complexity level 4 appears to have helped capture the difference
between the two activity types. It would be interesting to see in future work if other state or
similarity variables could further improve upon this.

Besides the ideas mentioned above, there are many further directions for extending our
work. First, it is interesting to think about the choice of reward signal. We want that people do
their preparatory activities more thoroughly, so that they are better prepared for quitting
smoking, so that they better achieve and maintain abstinence from smoking. While the more
distal outcome measures in this chain capture the actual behavior we want to see, using them
as reward signal to compare the four algorithm complexity levels leads to several challenges.
This includes the time until we receive the signal (e.g., it may take several months or years
before we know whether somebody has maintained their abstinence) and the signal’s noisiness
(e.g., a cancer diagnosis a year from now can also affect abstinence maintenance). In the case
of being prepared for quitting smoking, an additional challenge is how this “preparedness” can
be measured given that the activities differ in what they are meant to achieve, be it increasing
self-efficacy or removing smoking cues. Certainly, several questions could be asked, but the
number of questions should be kept low in light of the already low adherence rates for eHealth
applications. Since the links in the chain from thoroughly doing preparatory activities to suc-
cessful maintenance of smoking abstinence have already been supported by other literature
(e.g., [74]), we thus chose the effort people spent on their activities as a more proximal reward
signal. Notably, however, an even more proximal reward signal could be added. This is because
our results suggest that with motivation, one of the predictors of behavior is increased to a
greater extent if future states are taken into account. A combination of effort and perceived
motivational impact could thus be used. Hiraoka et al. [98], for instance, use a reward signal
that combines user satisfaction, the success of persuasion, and the naturalness of system
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utterances. It may also be worthwhile to add a more objective measures of behavior than self-
reported ones such as the effort in our study. This may, however, not be feasible for some
(parts of) activities, such as placing a rule for not smoking in a place one can see every day.

Another direction for future work is to use our learned policy as a starting point and subse-
quently adapt to single individuals by focusing on their personal samples (rather than samples
from similar people as in our fourth complexity level). The reason is that research has shown
that the way people respond to a persuasive attempt is a good predictor of how they will
respond to the same attempt in the future [17, 22-24]. Moreover, it may be important to con-
sider the impact repeated actions can have. Repeatedly sending the same persuasion type may
make it less effective [36], but could also help to strengthen the link between cue and response
for action planning [62] or to scrutinize arguments objectively [99]. One interesting study in
this regard is the one by Mintz et al. [22], which considers the effects both of repeating a mes-
sage and of subsequently not sending the message for some time. Lastly, another avenue for
future work is to ensure that the algorithms are ethical. For instance, it may not be ethical to
choose a persuasion type that is predicted to be effective while at the same time lowering a per-
son’s self-efficacy. One way to incorporate such values or norms may be to learn a separate
constrained policy from ethical examples [100] or expert preferences [101]. Other relevant
issues are user trust, user privacy, and low bias [69].

On a higher level, our results show us that the impact of message-based persuasion algo-
rithms on predictors of behavior and behavior itself is small. For example, the mean perceived
motivational impact when the algorithms are active does not differ by more than 0.35 (Cohen’s
d = 0.10) between the four algorithm complexity levels (Fig 5A). This qualifies as less than a
small effect size according to Cohen [85]. Similarly, the mean effort for session 3 does not dif-
fer by more than 0.29 (Cohen’s d = 0.10) between the four algorithm complexity levels (Fig
4A). While other persuasive messages could have a larger effect, our findings are in line with
other work. Kaptein et al. [17], for instance, found that the difference between a random and a
tailored persuasive message with regards to the number of daily consumed snacks is 0.08 for a
single persuasive attempt. Similarly, de Vries [20] saw that self-reported physical activity
increases over time for both a tailored and a random message condition, with the physical
activity being slightly but not significantly higher for the tailored condition. While the results
of de Vries [20] and the snacking study of Kaptein et al. [17] were based on relatively small
sample sizes of overall 47 and 73 participants, respectively, our results now show that the
impact of persuasion algorithms on behavior is small even when conducting a large-scale
experiment with at least 129 participants per condition and a resulting power of at least 0.78.
Arguably, the impact of persuasion algorithms has been found to increase over time in both
our experiment and the snacking study of Kaptein et al. [17]. More research is needed to test
whether and how this increase in effectiveness occurs when persuasive attempts are made over
more extended periods such as weeks or months. Even though the dangers of message amplifi-
cation have been pointed out in various contexts such as social media [16], it is not yet well
understood how and to which extent it influences actual behavior.

Given the so far limited impact of persuasive messages, an alternative may be to strategically
persuade people through an entire dialog (e.g., [98, 102]). In addition, one could aim to further
increase the processing of the persuasion by using multi-modal forms of persuasion (e.g., [97,
103, 104]). This choice of modalities can also be learned [105]. Alternatively, one could opti-
mize the suggested behavior rather than the persuasive message. Our results show, for exam-
ple, that the mean effort for the most effective complexity level in session 3 is by 2.84 (Cohen’s
d = 0.95) higher for people with high than for people with low involvement in their activities
(Fig 4). In contrast to the difference between complexity levels, this qualifies as a large effect
size [85]. Relevant approaches in this regard are ones to optimize suggested step goals [106,
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107], activities for elderly people [108], physical [109] or learning [110] activities, or breast
cancer screening recommendations [111].

In conclusion, we have presented a personalized RL-based persuasion algorithm and sys-
tematically tested the effectiveness of the algorithm components. Our results support the
importance of taking states and future states into account to persuade people again. We expect
that future work can build on these results to improve persuasion algorithms further. We
make the dataset on 2366 persuasive messages sent to 671 people publicly available to facilitate
this. Given the sparsity of public datasets in this field and the expensive nature of collecting
data on human behavior, we think this helps those wishing to develop new algorithms or to
test existing ones. For the field of behavior change, our dataset provides the effectiveness of dif-
ferent activities based on the effort people spent on them. This shows, for example, that the
link between increasing physical activity and quitting smoking needs to be made more evident
for participants. In addition, our results lend support to the COM-B model of behavior change,
as state variables derived from this model showed to help predict behavior. Thus, our study
can be seen as a successful example of combining computer science and behavior change theo-
ries to test behavior change theories in a large-scale experiment [112]. Given the fruitful
insights for both fields, we encourage further work at their intersection.

Supporting information

S1 Appendix. Persuasive message examples. Table that displays examples of persuasive mes-
sage templates and resulting messages.
(PDF)

$2 Appendix. Participant flow. Figure that shows the participant flow through the study com-
ponents in the experiment. The numbers next to the downward arrows denote how many peo-
ple started the study components. We show the distribution across the four algorithm
complexity levels for the participants who did not respond to the invitation to a study compo-
nent after the randomization. Note that participants can return their submission on Prolific to
withdraw from a study.

(PDF)

S$3 Appendix. Participant characteristics. Table that depicts the participant characteristics
for each algorithm complexity level.
(PDF)

S4 Appendix. Conversation structure. Figure that presents the structure of the five conversa-
tional sessions with the virtual coach Sam.
(PDF)

S5 Appendix. Excerpts of actual conversations. Figure that shows two excerpts of actual con-
versations with the virtual coach. The excerpts include the last state question and persuasion
based on the persuasion types authority and action planning.

(PDF)

S6 Appendix. Cohen’s k interpretation guidelines. Table that shows the interpretation guide-
lines for Cohen’s k based on Landis and Koch [93].
(PDF)

S7 Appendix. Mean effort per activity and activity type. Table that shows for each activity
the number of times participants reported the effort they spent on the activity and the mean
effort that was reported. We include only the samples used in our analysis for H1 (i.e., not the
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five samples of participants that were never assigned to a condition due to not completing ses-
sion 2 and which were only used in the analysis for H2).
(PDF)

S8 Appendix. Activity formulations. Document that provides the formulations for the 24
preparatory activities that were used in the study. In case an activity involved watching a video,
there were two different formulations for the session and the reminder message, with only the
one for the latter containing the link to the video. This was to prevent participants from
directly clicking on the video link when reading their activity during the session.

(PDF)

S9 Appendix. Impact of sample size on Q-value estimation and optimality of chosen
actions. Figure that shows the mean L;-errors based on 100 repetitions when drawing different
numbers of samples from the 2366 samples we gathered. We provide mean L;-errors for com-
paring the estimated and true Q-values for all state-action combinations (yellow) and compar-
ing the true Q-values of the estimated and true optimal actions for all states (blue). True Q-
values and optimal actions are those that are computed based on all 2366 samples. The hori-
zontal lines indicate percentages of the mean L;-error for the lowest number of samples com-
pared to the highest number of samples for comparing the estimated and true Q-values for all
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(PDF)

Acknowledgments

The authors would like to thank Dr. Eline Meijer for her feedback on the preparatory activities
used in the study, and Mitchell Kesteloo for his help in running the virtual coach on a server.

Author Contributions
Conceptualization: Nele Albers, Mark A. Neerincx, Willem-Paul Brinkman.

Data curation: Nele Albers.

Formal analysis: Nele Albers.

Funding acquisition: Mark A. Neerincx, Willem-Paul Brinkman.
Investigation: Nele Albers.

Methodology: Nele Albers, Willem-Paul Brinkman.

Project administration: Nele Albers, Willem-Paul Brinkman.
Software: Nele Albers.

Supervision: Mark A. Neerincx, Willem-Paul Brinkman.
Validation: Willem-Paul Brinkman.

Visualization: Nele Albers.

Writing - original draft: Nele Albers.

Writing - review & editing: Mark A. Neerincx, Willem-Paul Brinkman.

References

1. Mokdad AH, Marks JS, Stroup DF, Gerberding JL. Actual causes of death in the United States, 2000.
Jama. 2004; 291(10):1238-1245. https://doi.org/10.1001/jama.291.10.1238 PMID: 15010446

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 25/31


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0277295.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0277295.s009
https://doi.org/10.1001/jama.291.10.1238
http://www.ncbi.nlm.nih.gov/pubmed/15010446
https://doi.org/10.1371/journal.pone.0277295

PLOS ONE

A reinforcement learning algorithm for persuading to quit smoking and to be physically active

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Schroeder SA. We can do better—improving the health of the American people. New England Journal
of Medicine. 2007; 357(12):1221-1228. https://doi.org/10.1056/NEJMsa073350 PMID: 17881753

Haasova M, Warren FC, Ussher M, Janse Van Rensburg K, Faulkner G, Cropley M, et al. The acute
effects of physical activity on cigarette cravings: systematic review and meta-analysis with individual
participant data. Addiction. 2013; 108(1):26—37. https://doi.org/10.1111/j.1360-0443.2012.04034.x
PMID: 22861822

Trimbos Instituut. Richtlijn Behandeling van tabaksverslaving en stoppen met roken ondersteuning:
Herziening 2016; 2016.

Papathanasiou G, Mamali A, Papafloratos S, Zerva E. Effects of smoking on cardiovascular function:
the role of nicotine and carbon monoxide. Health science journal. 2014; 8(2):274.

Babb S, Malarcher A, Schauer G, Asman K, Jamal A. Quitting smoking among adults—United States,
2000-2015. Morbidity and Mortality Weekly Report. 2017; 65(52):1457—1464. https://doi.org/10.
15585/mmwr.mm6552a1 PMID: 28056007

Cooper J, Borland R, Yong HH, McNeill A, Murray RL, O’'Connor RJ, et al. To what extent do smokers
make spontaneous quit attempts and what are the implications for smoking cessation maintenance?
Findings from the International Tobacco Control Four country survey. Nicotine & Tobacco Research.
2010; 12(suppl_1):S51-S57. https://doi.org/10.1093/ntr/ntq052 PMID: 20889481

Pagliari C, Sloan D, Gregor P, Sullivan F, Detmer D, Kahan JP, et al. What is eHealth (4): a scoping
exercise to map the field. Journal of medical Internet research. 2005; 7(1):e391. https://doi.org/10.
2196/jmir.7.1.e9 PMID: 15829481

Liao Y, Wu Q, Tang J, Zhang F, Wang X, Qi C, et al. The efficacy of mobile phone-based text message
interventions (‘Happy Quit’) for smoking cessation in China. BMC Public Health. 2016; 16(1):1—11.
https://doi.org/10.1186/s12889-016-3528-5 PMID: 27543164

Beun RJ, Brinkman WP, Fitrianie S, Griffioen-Both F, Horsch C, Lancee J, et al. Improving adherence
in automated e-coaching. In: International conference on persuasive technology. Springer; 2016.
p. 276-287.

Kelders SM, Van Zyl LE, Ludden GD. The concept and components of engagement in different
domains applied to ehealth: a systematic scoping review. Frontiers in psychology. 2020; 11:926.
https://doi.org/10.3389/fpsyg.2020.00926 PMID: 32536888

Berkovsky S, Freyne J, Oinas-Kukkonen H. Influencing Individually: Fusing Personalization and Per-
suasion. ACM Transactions on Interactive Intelligent Systems. 2012; 2(2):9:1-9:8. https://doi.org/10.
1145/2209310.2209312

Ferron M, Massa P. Transtheoretical model for designing technologies supporting an active lifestyle.
In: Proceedings of the Biannual Conference of the Italian Chapter of SIGCHI; 2013. p. 1-8.

Michie S, West R, Campbell R, Brown J, Gainforth H. ABC of behaviour change theories: an essential
resource for researchers. Policy Makers and Practitioners Silverback IS: Silverback Publishing.
2014;402.

Prochaska JO, DiClemente CC. Stages and processes of self-change of smoking: toward an integra-
tive model of change. Journal of consulting and clinical psychology. 1983; 51(3):390. https://doi.org/
10.1037/0022-006X.51.3.390 PMID: 6863699

Rose J, MacGregor O. The Architecture of Algorithm-driven Persuasion. Journal of Information Archi-
tecture. 2021; 6(1).

Kaptein M, Markopoulos P, De Ruyter B, Aarts E. Personalizing persuasive technologies: Explicit and
implicit personalization using persuasion profiles. International Journal of Human-Computer Studies.
2015; 77:38-51. https://doi.org/10.1016/}.ijhcs.2015.01.004

Kaptein M, McFarland R, Parvinen P. Automated adaptive selling. European Journal of Marketing.
2018. https://doi.org/10.1108/EJM-08-2016-0485

Hors-Fraile S, Malwade S, Luna-Perejon F, Amaya C, Civit A, Schneider F, et al. Opening the Black
Box: Explaining the Process of Basing a Health Recommender System on the I-Change Behavioral
Change Model. IEEE Access. 2019; 7:176525-176540. https://doi.org/10.1109/ACCESS.2019.
2957696

de Vries RAJ. Theory-Based and Tailor-Made: Motivational Messages for Behavior Change Technol-
ogy. PhD Thesis. 2018.

Kang Y, Tan AH, Miao C. An adaptive computational model for personalized persuasion. In: Proceed-
ings of the 24th International Conference on Artificial Intelligence; 2015. p. 61-67.

Mintz Y, Aswani A, Kaminsky P, Flowers E, Fukuoka Y. Nonstationary bandits with habituation and
recovery dynamics. Operations Research. 2020; 68(5):1493—-1516. https://doi.org/10.1287/opre.2019.
1918

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 26/31


https://doi.org/10.1056/NEJMsa073350
http://www.ncbi.nlm.nih.gov/pubmed/17881753
https://doi.org/10.1111/j.1360-0443.2012.04034.x
http://www.ncbi.nlm.nih.gov/pubmed/22861822
https://doi.org/10.15585/mmwr.mm6552a1
https://doi.org/10.15585/mmwr.mm6552a1
http://www.ncbi.nlm.nih.gov/pubmed/28056007
https://doi.org/10.1093/ntr/ntq052
http://www.ncbi.nlm.nih.gov/pubmed/20889481
https://doi.org/10.2196/jmir.7.1.e9
https://doi.org/10.2196/jmir.7.1.e9
http://www.ncbi.nlm.nih.gov/pubmed/15829481
https://doi.org/10.1186/s12889-016-3528-5
http://www.ncbi.nlm.nih.gov/pubmed/27543164
https://doi.org/10.3389/fpsyg.2020.00926
http://www.ncbi.nlm.nih.gov/pubmed/32536888
https://doi.org/10.1145/2209310.2209312
https://doi.org/10.1145/2209310.2209312
https://doi.org/10.1037/0022-006X.51.3.390
https://doi.org/10.1037/0022-006X.51.3.390
http://www.ncbi.nlm.nih.gov/pubmed/6863699
https://doi.org/10.1016/j.ijhcs.2015.01.004
https://doi.org/10.1108/EJM-08-2016-0485
https://doi.org/10.1109/ACCESS.2019.2957696
https://doi.org/10.1109/ACCESS.2019.2957696
https://doi.org/10.1287/opre.2019.1918
https://doi.org/10.1287/opre.2019.1918
https://doi.org/10.1371/journal.pone.0277295

PLOS ONE

A reinforcement learning algorithm for persuading to quit smoking and to be physically active

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

Roy S, Crick C, Kieson E, Abramson C. A reinforcement learning model for robots as teachers. In:
2018 27th IEEE International Symposium on Robot and Human Interactive Communication (RO-
MAN). IEEE; 2018. p. 294—299.

Weber K, Rach N, Minker W, André E. How to Win Arguments. Datenbank-Spektrum. 2020; 20
(2):161-169. https://doi.org/10.1007/s13222-020-00345-9

Alslaity A, Tran T. On the Impact of the Application Domain on Users’ Susceptibility to the Six Weap-
ons of Influence. In: International Conference on Persuasive Technology. Springer; 2020. p. 3—15.

Oinas-Kukkonen H, Harjumaa M. Persuasive systems design: Key issues, process model, and system
features. Communications of the Association for Information Systems. 2009; 24(1):28.

YuanY, Xu F, Cao H, Zhang G, Hui P, Li Y, et al. Persuade to Click: Context-aware Persuasion Model
for Online Textual Advertisement. IEEE Transactions on Knowledge and Data Engineering. 2021.

Bertolotti M, Carfora V, Catellani P. Different Frames to Reduce Red Meat Intake: The Moderating
Role of Self-Efficacy. Health Communication. 2019; 35:475-482. https://doi.org/10.1080/10410236.
2019.1567444 PMID: 30676108

Steward WT, Schneider TR, Pizarro J, Salovey P. Need for Cognition Moderates Responses to
Framed Smoking-Cessation Messages 1. Journal of Applied Social Psychology. 2003; 33(12):2439—
2464. https://doi.org/10.1111/j.1559-1816.2003.tb02775.x

Carfora V, Di Massimo F, Rastelli R, Catellani P, Piastra M. Dialogue management in conversational
agents through psychology of persuasion and machine learning. Multimedia Tools and Applications.
2020; 79(47):35949-35971. https://doi.org/10.1007/s11042-020-09178-w

Gordon G, Spaulding S, Westlund JK, Lee JJ, Plummer L, Martinez M, et al. Affective personalization
of a social robot tutor for children’s second language skills. In: Proceedings of the Thirtieth AAAI Con-
ference on Atrtificial Intelligence; 2016. p. 3951-3957.

Alkis N, Temizel TT. The impact of individual differences on influence strategies. Personality and Indi-
vidual Differences. 2015; 87:147-152. https://doi.org/10.1016/j.paid.2015.07.037

Halko S, Kientz JA. Personality and persuasive technology: an exploratory study on health-promoting
mobile applications. In: International conference on persuasive technology. Springer; 2010. p. 150—
161.

Kaptein M, Eckles D. Heterogeneity in the effects of online persuasion. Journal of Interactive Market-
ing. 2012; 26(3):176—188. https://doi.org/10.1016/j.intmar.2012.02.002

Oyibo K, Vassileva J. Effects of Personality on Cialdini’s Persuasive Strategies. Persuasive Technol-
ogy (PPT’17).2017.

Thomas RJ, Masthoff J, Oren N. Adapting healthy eating messages to personality. In: International
Conference on Persuasive Technology. Springer; 2017. p. 119-132.

Thomas RJ, Masthoff J, Oren N. Personalising healthy eating messages to age, gender and personal-
ity: using cialdini’s principles and framing. In: Proceedings of the 22nd International Conference on
Intelligent User Interfaces Companion; 2017. p. 81-84.

Zalake M, de Siqueira AG, Vaddiparti K, Lok B. The Effects of Virtual Human'’s Verbal Persuasion
Strategies on User Intention and Behavior. International Journal of Human-Computer Studies. 2021;
p. 102708. https://doi.org/10.1016/j.ijhcs.2021.102708

Brinkman WP, Haakma R, Bouwhuis D. The theoretical foundation and validity of a component-based
usability questionnaire. Behaviour & Information Technology. 2009; 28(2):121-137. https://doi.org/10.
1080/01449290701306510

Alfaifi Y, Grasso F, Tamma V. An Ontology of Psychological Barriers to Support Behaviour Change.
In: Proceedings of the 2018 International Conference on Digital Health; 2018. p. 11-15.

Bless H, Bohner G, Schwarz N, Strack F. Mood and Persuasion. Personality and Social Psychology
Bulletin. 1990; 16:331-345. https://doi.org/10.1177/0146167290162013

Fogg BJ. Persuasive technology: using computers to change what we think and do. Ubiquity. 2002;
2002(December):2. https://doi.org/10.1145/764008.763957

Amabile T, Kramer S. The progress principle: Using small wins to ignite joy, engagement, and creativ-
ity at work. Harvard Business Press; 2011.

Carfora V, Bertolotti M, Catellani P. Informational and emotional daily messages to reduce red and pro-
cessed meat consumption. Appetite. 2019; 141:104331. https://doi.org/10.1016/j.appet.2019.104331
PMID: 31276710

Muhammad Abdullahi A, Orji R, Oyibo K. Personalizing persuasive technologies: Do gender and age
affect susceptibility to persuasive strategies? In: Adjunct publication of the 26th conference on user
modeling, adaptation and personalization; 2018. p. 329-334.

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 27 /31


https://doi.org/10.1007/s13222-020-00345-9
https://doi.org/10.1080/10410236.2019.1567444
https://doi.org/10.1080/10410236.2019.1567444
http://www.ncbi.nlm.nih.gov/pubmed/30676108
https://doi.org/10.1111/j.1559-1816.2003.tb02775.x
https://doi.org/10.1007/s11042-020-09178-w
https://doi.org/10.1016/j.paid.2015.07.037
https://doi.org/10.1016/j.intmar.2012.02.002
https://doi.org/10.1016/j.ijhcs.2021.102708
https://doi.org/10.1080/01449290701306510
https://doi.org/10.1080/01449290701306510
https://doi.org/10.1177/0146167290162013
https://doi.org/10.1145/764008.763957
https://doi.org/10.1016/j.appet.2019.104331
http://www.ncbi.nlm.nih.gov/pubmed/31276710
https://doi.org/10.1371/journal.pone.0277295

PLOS ONE

A reinforcement learning algorithm for persuading to quit smoking and to be physically active

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.
56.

57.

58.

59.

60.

61.

62.

63.

64.
65.

66.

67.

68.

Oyibo K, Adaiji |, Oriji R, Olabenjo B, Vassileva J. Susceptibility to persuasive strategies: a comparative
analysis of Nigerians vs. Canadians. In: Proceedings of the 26th Conference on User Modeling, Adap-
tation and Personalization; 2018. p. 229-238.

Cesario J, Higgins ET, Scholer AA. Regulatory fit and persuasion: Basic principles and remaining
questions. Social and Personality Psychology Compass. 2008; 2(1):444—463. https://doi.org/10.1111/
j-1751-9004.2007.00055.x

Lin HF, Shen F. Regulatory focus and attribute framing: Evidence of compatibility effects in advertising.
International Journal of Advertising. 2012; 31(1):169-188. https://doi.org/10.2501/IJA-31-1-169-188

Sung Y, Choi SM. Increasing power and preventing pain: The Moderating Role of Self-Construal in
Advertising Message Framing. Journal of Advertising. 2011; 40(1):71-86. https://doi.org/10.2753/
JOA0091-3367400105

Albers N, Brinkman WP. Perfect Fit—Experiment to Gather Data for and Test a Reinforcement Learn-
ing-Approach for Motivating People; 2021. Available from: osf.io/k2uac.

Lin J, Lin LA, Sankoh S. A general overview of adaptive randomization design for clinical trials. J Biom
Biostat. 2016; 7(2):294. https://doi.org/10.4172/2155-6180.1000287

Xiao L, Yank V, Ma J. Algorithm for balancing both continuous and categorical covariates in random-
ized controlled trials. Computer methods and programs in biomedicine. 2012; 108(3):1185-1190.
https://doi.org/10.1016/j.cmpb.2012.06.001 PMID: 22727633

Michie S, Atkins L, West R, et al. The behaviour change wheel. A guide to designing interventions 1st
ed Great Britain: Silverback Publishing. 2014.

West R, Michie S. A brief introduction to the COM-B Model of behaviour and the PRIME Theory of
motivation [v1]. Qeios. 2020.

West R. Theory of Addiction. vol. 6. John Wiley & Sons; 2013.

Howlett N, Schulz J, Trivedi D, Troop N, Chater A. Determinants of weekly sitting time: construct vali-
dation of an initial COM-B model and comparison of its predictive validity with the theory of planned
behaviour. Psychology & health. 2021; 36(1):96—114. https://doi.org/10.1080/08870446.2020.
1763994 PMID: 32403945

Chapman D, Kaelbling LP. Input Generalization in Delayed Reinforcement Learning: An Algorithm and
Performance Comparisons. In: IJCAL. vol. 91. Citeseer; 1991. p. 726-731.

Cialdini RB. Influence: the psychology of persuasion, revised edition. New York: William Morrow.
2006.

Hagger MS, Luszczynska A. Implementation intention and action planning interventions in health con-
texts: State of the research and proposals for the way forward. Applied Psychology: Health and Well-
Being. 2014; 6(1):1-47. PMID: 24591064

Sniehotta FF, Scholz U, Schwarzer R, Fuhrmann B, Kiwus U, Véller H. Long-term effects of two psy-
chological interventions on physical exercise and self-regulation following coronary rehabilitation.
International journal of behavioral medicine. 2005; 12(4):244-255. https://doi.org/10.1207/
$15327558ijbm1204_5 PMID: 16262543

Chapman J, Armitage CJ, Norman P. Comparing implementation intention interventions in relation to
young adults’ intake of fruit and vegetables. Psychology and Health. 2009; 24(3):317-332. https://doi.
org/10.1080/08870440701864538 PMID: 20204996

Schwerdtfeger AR, Schmitz C, Warken M. Using text messages to bridge the intention-behavior gap?
A pilot study on the use of text message reminders to increase objectively assessed physical activity in
daily life. Frontiers in psychology. 2012; 3:270. https://doi.org/10.3389/fpsyg.2012.00270 PMID:
22876237

Petty RE, Cacioppo JT. The elaboration likelihood model of persuasion. In: Communication and per-
suasion. Springer; 1986. p. 1-24.

Munzner T. Visualization analysis and design. CRC press; 2014.

Burnkrant RE, Unnava HR. Effects of self-referencing on persuasion. Journal of consumer research.
1995; 22(1):17—-26. https://doi.org/10.1086/209432

Gosling S, Rentfrow P, Swann W. A very brief measure of the Big-Five personality domains. Journal of
Research in Personality. 2003; 37:504—528. https://doi.org/10.1016/S0092-6566(03)00046- 1

Prochaska JO, Velicer WF. The transtheoretical model of health behavior change. American journal of
health promotion. 1997; 12(1):38—48. https://doi.org/10.4278/0890-1171-12.1.38 PMID: 10170434

Bocklisch T, Faulkner J, Pawlowski N, Nichol A. Rasa: Open source language understanding and dia-
logue management. arXiv preprint arXiv:171205181. 2017.

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 28/31


https://doi.org/10.1111/j.1751-9004.2007.00055.x
https://doi.org/10.1111/j.1751-9004.2007.00055.x
https://doi.org/10.2501/IJA-31-1-169-188
https://doi.org/10.2753/JOA0091-3367400105
https://doi.org/10.2753/JOA0091-3367400105
http://osf.io/k2uac
https://doi.org/10.4172/2155-6180.1000287
https://doi.org/10.1016/j.cmpb.2012.06.001
http://www.ncbi.nlm.nih.gov/pubmed/22727633
https://doi.org/10.1080/08870446.2020.1763994
https://doi.org/10.1080/08870446.2020.1763994
http://www.ncbi.nlm.nih.gov/pubmed/32403945
http://www.ncbi.nlm.nih.gov/pubmed/24591064
https://doi.org/10.1207/s15327558ijbm1204_5
https://doi.org/10.1207/s15327558ijbm1204_5
http://www.ncbi.nlm.nih.gov/pubmed/16262543
https://doi.org/10.1080/08870440701864538
https://doi.org/10.1080/08870440701864538
http://www.ncbi.nlm.nih.gov/pubmed/20204996
https://doi.org/10.3389/fpsyg.2012.00270
http://www.ncbi.nlm.nih.gov/pubmed/22876237
https://doi.org/10.1086/209432
https://doi.org/10.1016/S0092-6566(03)00046-1
https://doi.org/10.4278/0890-1171-12.1.38
http://www.ncbi.nlm.nih.gov/pubmed/10170434
https://doi.org/10.1371/journal.pone.0277295

PLOS ONE

A reinforcement learning algorithm for persuading to quit smoking and to be physically active

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Zhang J, Oh'YJ, Lange P, Yu Z, Fukuoka Y. Artificial intelligence Chatbot behavior change model for
designing artificial intelligence Chatbots to promote physical activity and a healthy diet. Journal of med-
ical Internet research. 2020; 22(9):e22845. https://doi.org/10.2196/22845 PMID: 32996892

Henkemans OBB, van der Boog PVD, Lindenberg J, van der Mast C, Neerincx MA, Zwetsloot-Schonk
B. An online lifestyle diary with a persuasive computer assistant providing feedback on self-manage-
ment. Technology and health care: official journal of the European Society for Engineering and Medi-
cine. 2009; 17 3:253-67. https://doi.org/10.3233/THC-2009-0545

Bickmore TW, Caruso L, Clough-Gorr K, Heeren T. ‘It’s just like you talk to a friend’relational agents for
older adults. Interacting with Computers. 2005; 17(6):711-735. https://doi.org/10.1016/j.intcom.2005.
09.002

Free C, Whittaker R, Knight R, Abramsky T, Rodgers A, Roberts |. Txt2stop: a pilot randomised con-
trolled trial of mobile phone-based smoking cessation support. Tobacco control. 2009; 18(2):88—91.
https://doi.org/10.1136/tc.2008.026146 PMID: 19318534

Albers N. Reinforcement Learning-based Persuasion for a Conversational Agent to Support Behavior
Change: Code; 2022. Available from: https://github.com/PerfectFit-project/virtual_coach_rl_
persuasion_algorithm/tree/1.0.

Michie S, Brown J, Geraghty AW, Miller S, Yardley L, Gardner B, et al. Development of StopAdvisor: a
theory-based interactive internet-based smoking cessation intervention. Translational behavioral med-
icine. 2012; 2(3):263—-275. https://doi.org/10.1007/s13142-012-0135-6 PMID: 24073123

Meijer E, Gebhardt WA, van Laar C, van den Putte B, Evers AW. Strengthening quitter self-identity: An
experimental study. Psychology & health. 2018; 33(10):1229-1250. https://doi.org/10.1080/
08870446.2018.1478976 PMID: 29886765

Penfornis K, Gebhardt W, Meijer E. Mijn toekomstige zelf is (niet) gestopt met roken: Een experimen-
tele studie naar de effecten van een toekomstige-zelf interventie op de zelfidentiteit van rokers. Neder-
lands Netwerk voor Tabaksonderzoek (NNvT) Congres. 2021.

Hutchinson JC, Tenenbaum G. Perceived effort—Can it be considered gestalt? Psychology of Sport
and Exercise. 2006; 7(5):463—476. https://doi.org/10.1016/j.psychsport.2006.01.007

Callaghan L, Yong HH, Borland R, Cummings KM, Hitchman SC, Fong GT. What kind of smoking
identity following quitting would elevate smokers relapse risk? Addictive Behaviors. 2020; 112:106654.
https://doi.org/10.1016/j.addbeh.2020.106654 PMID: 32977267

Anderson DF, Cychosz CM. Development of an exercise identity scale. Perceptual and motor skills.
1994; 78(3):747-751. https://doi.org/10.1177/003151259407800313 PMID: 8084685

Norman G, Benisovich S, Nigg C, Rossi J. Examining three exercise staging algorithms in two sam-
ples. In: 19th annual meeting of the Society of Behavioral Medicine; 1998.

Maheswaran D, Meyers-Levy J. The influence of message framing and issue involvement. Journal of
Marketing research. 1990; 27(3):361-367. https://doi.org/10.2307/3172593

Meijer E, Gebhardt WA, Van Laar C, Kawous R, Beijk SC. Socio-economic status in relation to smok-
ing: The role of (expected and desired) social support and quitter identity. Social Science & Medicine.
2016; 162:41-49. https://doi.org/10.1016/j.socscimed.2016.06.022 PMID: 27328056

Cacioppo JT, Petty RE, Feng Kao C. The efficient assessment of need for cognition. Journal of person-
ality assessment. 1984; 48(3):306—307. https://doi.org/10.1207/s15327752jpa4803_13 PMID:
16367530

Chechile RA. Bayesian Statistics for Experimental Scientists: A General Introduction Using Distribu-
tion-Free Methods. MIT Press; 2020.

Cohen J. A power primer. Psychological bulletin. 1992; 112(1):155. https://doi.org/10.1037/0033-
2909.112.1.155 PMID: 19565683

DiClemente CC, Prochaska JO, Fairhurst SK, Velicer WF, Velasquez MM, Rossi JS. The process of
smoking cessation: an analysis of precontemplation, contemplation, and preparation stages of
change. Journal of consulting and clinical psychology. 1991; 59(2):295. https://doi.org/10.1037/0022-
006X.59.2.295 PMID: 2030191

Draws T, Rieger A, Inel O, Gadiraju U, Tintarev N. A Checklist to Combat Cognitive Biases in Crowd-
sourcing. In: Proceedings of the AAAI Conference on Human Computation and Crowdsourcing. vol. 9;
2021. p. 48-59.

Albers N, Neerincx MA, Brinkman WP. Addressing people’s current and future states in a reinforce-
ment learning algorithm for persuading to quit smoking and to be physically active: Data and analysis
code. 2022. https://doi.org/10.4121/21533055.v2

McElreath R. Statistical Rethinking: A Bayesian Course with Examples in R and Stan. Chapman and
Hall/CRC; 2020.

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 29/31


https://doi.org/10.2196/22845
http://www.ncbi.nlm.nih.gov/pubmed/32996892
https://doi.org/10.3233/THC-2009-0545
https://doi.org/10.1016/j.intcom.2005.09.002
https://doi.org/10.1016/j.intcom.2005.09.002
https://doi.org/10.1136/tc.2008.026146
http://www.ncbi.nlm.nih.gov/pubmed/19318534
https://github.com/PerfectFit-project/virtual_coach_rl_persuasion_algorithm/tree/1.0
https://github.com/PerfectFit-project/virtual_coach_rl_persuasion_algorithm/tree/1.0
https://doi.org/10.1007/s13142-012-0135-6
http://www.ncbi.nlm.nih.gov/pubmed/24073123
https://doi.org/10.1080/08870446.2018.1478976
https://doi.org/10.1080/08870446.2018.1478976
http://www.ncbi.nlm.nih.gov/pubmed/29886765
https://doi.org/10.1016/j.psychsport.2006.01.007
https://doi.org/10.1016/j.addbeh.2020.106654
http://www.ncbi.nlm.nih.gov/pubmed/32977267
https://doi.org/10.1177/003151259407800313
http://www.ncbi.nlm.nih.gov/pubmed/8084685
https://doi.org/10.2307/3172593
https://doi.org/10.1016/j.socscimed.2016.06.022
http://www.ncbi.nlm.nih.gov/pubmed/27328056
https://doi.org/10.1207/s15327752jpa4803_13
http://www.ncbi.nlm.nih.gov/pubmed/16367530
https://doi.org/10.1037/0033-2909.112.1.155
https://doi.org/10.1037/0033-2909.112.1.155
http://www.ncbi.nlm.nih.gov/pubmed/19565683
https://doi.org/10.1037/0022-006X.59.2.295
https://doi.org/10.1037/0022-006X.59.2.295
http://www.ncbi.nlm.nih.gov/pubmed/2030191
https://doi.org/10.4121/21533055.v2
https://doi.org/10.1371/journal.pone.0277295

PLOS ONE

A reinforcement learning algorithm for persuading to quit smoking and to be physically active

90.

91.

92,

93.

94,

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

Andraszewicz S, Scheibehenne B, Rieskamp J, Grasman R, Verhagen J, Wagenmakers EJ. An intro-
duction to Bayesian hypothesis testing for management research. Journal of Management. 2015; 41
(2):521-543. https://doi.org/10.1177/0149206314560412

Kruschke JK. Rejecting or accepting parameter values in Bayesian estimation. Advances in Methods
and Practices in Psychological Science. 2018; 1(2):270-280. https://doi.org/10.1177/
2515245918771304

van de Schoot R, Depaoli S, King R, Kramer B, Martens K, Tadesse MG, et al. Bayesian statistics and
modelling. Nature Reviews Methods Primers. 2021; 1(1):1-26. https://doi.org/10.1038/s43586-020-
00001-2

Landis JR, Koch GG. The measurement of observer agreement for categorical data. biometrics. 1977;
p. 159-174. https://doi.org/10.2307/2529310 PMID: 843571

Ontafidén S. An overview of distance and similarity functions for structured data. Artificial Intelligence
Review. 2020; 53(7):5309-5351. https://doi.org/10.1007/s10462-020-09821-w

Croes EA, Antheunis ML. Can we be friends with Mitsuku? A longitudinal study on the process of rela-
tionship formation between humans and a social chatbot. Journal of Social and Personal Relation-
ships. 2021; 38(1):279-300. https://doi.org/10.1177/0265407520959463

Sadeghi S, Gupta S, Gramatovici S, Ai H, Lu J, Zhang R. Novelty and primacy: a long-term estimator
for online experiments. Technometrics. 2022; p. 1-26.

Wang W, van Lint CL, Brinkman WP, Révekamp TJ, van Dijk S, van der Boog P, et al. Guided or fac-
tual computer support for kidney patients with different experience levels and medical health situa-
tions: preferences and usage. Health and Technology. 2019; 9(3):329-342. https://doi.org/10.1007/
$12553-019-00295-7

Hiraoka T, Neubig G, Sakti S, Toda T, Nakamura S. Reinforcement learning of cooperative persuasive
dialogue policies using framing. In: Proceedings of COLING 2014, the 25th International Conference
on Computational Linguistics: Technical Papers; 2014. p. 1706-1717.

Cacioppo JT, Petty RE. Central and peripheral routes to persuasion: The role of message repetition.
Psychological processes and advertising effects. 1985; 911.

Noothigattu R, Bouneffouf D, Mattei N, Chandra R, Madan P, Varshney KR, et al. Teaching Al agents
ethical values using reinforcement learning and policy orchestration. IBM Journal of Research and
Development. 2019; 63(4/5):2—1. https://doi.org/10.1147/JRD.2019.2940428

Christiano PF, Leike J, Brown TB, Martic M, Legg S, Amodei D. Deep reinforcement learning from
human preferences. In: Proceedings of the 31st International Conference on Neural Information Pro-
cessing Systems; 2017. p. 4302—-4310.

Rosenfeld A, Kraus S. Strategical argumentative agent for human persuasion. In: Proceedings of the
Twenty-Second European Conference on Artificial Intelligence; 2016. p. 320-328.

Whittaker R, Dorey E, Bramley D, Bullen C, Denny S, Elley CR, et al. A theory-based video messaging
mobile phone intervention for smoking cessation: randomized controlled trial. Journal of medical Inter-
net research. 2011; 13(1):e1553. https://doi.org/10.2196/jmir.1553 PMID: 21371991

Vidrine DJ, Fletcher FE, Danysh HE, Marani S, Vidrine JI, Cantor SB, et al. A randomized controlled
trial to assess the efficacy of an interactive mobile messaging intervention for underserved smokers:
Project ACTION. BMC Public Health. 2012; 12(1):1—12. https://doi.org/10.1186/1471-2458-12-696
PMID: 22920991

Forman EM, Kerrigan SG, Butryn ML, Juarascio AS, Manasse SM, Ontafién S, et al. Can the artificial
intelligence technique of reinforcement learning use continuously-monitored digital data to optimize
treatment for weight loss? Journal of behavioral medicine. 2019; 42(2):276-290. https://doi.org/10.
1007/s10865-018-9964-1 PMID: 30145623

Adams MA, Sallis JF, Norman GJ, Hovell MF, Hekler EB, Perata E. An adaptive physical activity inter-
vention for overweight adults: a randomized controlled trial. PloS one. 2013; 8(12):€82901. https://doi.
org/10.1371/journal.pone.0082901 PMID: 24349392

Zhou M, Mintz Y, Fukuoka Y, Goldberg K, Flowers E, Kaminsky P, et al. Personalizing Mobile Fitness
Apps using Reinforcement Learning. CEUR workshop proceedings. 2018;2068.

Costa A, Heras S, Palanca J, Jordan J, Novais P, Julian V. Using argumentation schemes for a per-
suasive cognitive assistant system. In: Multi-Agent Systems and Agreement Technologies. Springer;
2016. p. 538-546.

Rabbi M, Pfammatter A, Zhang M, Spring B, Choudhury T. Automated personalized feedback for
physical activity and dietary behavior change with mobile phones: a randomized controlled trial on
adults. JMIR mHealth and uHealth. 2015; 3(2):e4160. https://doi.org/10.2196/mhealth.4160 PMID:
25977197

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 30/31


https://doi.org/10.1177/0149206314560412
https://doi.org/10.1177/2515245918771304
https://doi.org/10.1177/2515245918771304
https://doi.org/10.1038/s43586-020-00001-2
https://doi.org/10.1038/s43586-020-00001-2
https://doi.org/10.2307/2529310
http://www.ncbi.nlm.nih.gov/pubmed/843571
https://doi.org/10.1007/s10462-020-09821-w
https://doi.org/10.1177/0265407520959463
https://doi.org/10.1007/s12553-019-00295-7
https://doi.org/10.1007/s12553-019-00295-7
https://doi.org/10.1147/JRD.2019.2940428
https://doi.org/10.2196/jmir.1553
http://www.ncbi.nlm.nih.gov/pubmed/21371991
https://doi.org/10.1186/1471-2458-12-696
http://www.ncbi.nlm.nih.gov/pubmed/22920991
https://doi.org/10.1007/s10865-018-9964-1
https://doi.org/10.1007/s10865-018-9964-1
http://www.ncbi.nlm.nih.gov/pubmed/30145623
https://doi.org/10.1371/journal.pone.0082901
https://doi.org/10.1371/journal.pone.0082901
http://www.ncbi.nlm.nih.gov/pubmed/24349392
https://doi.org/10.2196/mhealth.4160
http://www.ncbi.nlm.nih.gov/pubmed/25977197
https://doi.org/10.1371/journal.pone.0277295

PLOS ONE A reinforcement learning algorithm for persuading to quit smoking and to be physically active

110. Clément B, Roy D, Oudeyer PY, Lopes M. Multi-Armed Bandits for Intelligent Tutoring Systems. Jour-
nal of Educational Data Mining. 2015; 7(2):20—48.

111. Ayer T, Alagoz O, Stout NK, Burnside ES. Heterogeneity in women’s adherence and its role in optimal
breast cancer screening policies. Management Science. 2016; 62(5):1339—-1362. https://doi.org/10.
1287/mnsc.2015.2180

112. Michie S, Yardley L, West R, Patrick K, Greaves F, et al. Developing and evaluating digital interven-
tions to promote behavior change in health and health care: recommendations resulting from an inter-
national workshop. Journal of medical Internet research. 2017; 19(6):€7126. https://doi.org/10.2196/
jmir.7126 PMID: 28663162

PLOS ONE | https://doi.org/10.1371/journal.pone.0277295 December 1, 2022 31/31


https://doi.org/10.1287/mnsc.2015.2180
https://doi.org/10.1287/mnsc.2015.2180
https://doi.org/10.2196/jmir.7126
https://doi.org/10.2196/jmir.7126
http://www.ncbi.nlm.nih.gov/pubmed/28663162
https://doi.org/10.1371/journal.pone.0277295

