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Psychological, economic, and ethical
factors in human feedback for a chatbot-
based smoking cessation intervention

Check for updates

Nele Albers1 , Francisco S. Melo2, Mark A. Neerincx1, Olya Kudina3 & Willem-Paul Brinkman1

Integrating humansupportwith chatbot-basedbehavior change interventions raises three challenges:
(1) attuning the support to an individual’s state (e.g., motivation) for enhanced engagement, (2) limiting
the use of the concerning human resources for enhanced efficiency, and (3) optimizing outcomes on
ethical aspects (e.g., fairness). Therefore, we conducted a study inwhich 679 smokers and vapers had
a 20% chance of receiving human feedback between five chatbot sessions. We find that having
received feedback increases retention and effort spent on preparatory activities. However, analyzing a
reinforcement learning (RL) model fit on the data shows there are also states where not providing
feedback is better. Even this “standard” benefit-maximizing RL model is value-laden. It not only
prioritizes people who would benefit most, but also those who are already doing well and want
feedback. We show how four other ethical principles can be incorporated to favor other smoker
subgroups, yet, interdependencies exist.

Suppose Alice, Bob, Charlie, and 163 others are trying to quit smoking with
an eHealth application. This is a sensible approach as meta-analyses on
eHealth applications show that they are effective for quitting smoking1,2 and
changing other lifestyle behaviors3 by providing support anywhere
anytime4. Now, in such an eHealth application, the virtual coach Kai can
support Alice, Bob, Charlie, and the other people wishing to quit. Next to
Kai, the human coach Hannah can give additional feedback to increase
people’s adherence to the virtual coach intervention. Since Hannah has
agreed with her manager that she only has time to give 6-min feedback to
around 60 clients per day, she every day needs to choose clients to help. To
increase everybody’s chance of successfully quitting, itmight be ideal to give
feedback to all three clients alternately. However, Hannah expects, for
example, that Alice wouldmost benefit from the feedback, so she is tempted
to give more feedback to Alice. On the other hand, Alice is already doing
very well, whereas Bob is struggling with the intervention. So even though
Bobwould benefit less thanAlice,Hannah feels some obligation to help him
so that he also has a chance to succeed at quitting smoking. But to make it
more complicated, Bob told Hannah that he does not appreciate human
feedback, so she feels like she should respect his wish. This leaves Charlie: he
expressed high appreciation for human feedback, but Hannah thinks that
the human feedback will mainly distract him from the virtual coach inter-
vention. So, who should Hannah give feedback to?

The question about good allocation of health professionals’ time is not
a trivial one, with projections indicating that by 2060, healthcare expenses

will need to rise to 18%of theDutchGDP5 and one in three peoplewill need
to work in healthcare to support the aging population6. There is thus an
evident need to make healthcare more scalable and cost-effective. One
promising way are eHealth applications7 which provide elements of
healthcare over the Internet or connected technologies such as apps and text
messaging and thus reduce the need for scarce and costly human healthcare
staff. Since 9.4% of the disease burden in countries such as the Netherlands
results from smoking8, eHealth applications for quitting smoking are
especially welcome. While these applications commonly integrate con-
versational agents that take the role of virtual coaches9, combining virtual
with human support can be effective. Suchhuman support can complement
the strengths of virtual coaches, not only in terms of responsibility, risk, and
oversight10, but also by providing more tailored support11,12, addressing
things other than health in people’s lives11, and being more empathetic11,12.
Human support can also lead to higher credibility13, which may make
application features such as personalization more effective14. Moreover,
people may be more engaged15 and feel more accountable11,12,16 and
satisfied17 when a human coach is involved, which may help address the
dropout eHealth applications often suffer from18–20. However, too much
human support can reducemotivation, one’s sense of self-worth, autonomy,
and opportunities for learning21. In light of these considerations, we want to
examine the effects of human support in a chatbot-based intervention for
quitting smoking (RQ1). We are specifically interested in its effects on
engagement due to the central role engagement plays in intervention
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effectiveness22. Thereby, before delving into long-term effects, we will first
concentrate on the short-term effects.

Whether human support is effective may depend on how motivated,
confident, or tired a person is (i.e., their state). This state refers to a person’s
condition or status at a specific moment in time, characterized by relative
stability in its components23. For example, people with high intrinsic
motivation who are already adhering to and engaging with the intervention
might perceive human support as controlling or questioning their ability or
competence24. At best, providing human support to people with high
intrinsic motivation only makes it ineffective, but it can also undermine
people’s intrinsic motivation and thus lead to lower adherence in the
future24. So, whether human support is given in a person’s current state can
also affect a person’s future state and thus the effectiveness of future human
support. One approach that allows us to consider both current and future
states is reinforcement learning (RL)25.WhileRLhaspreviouslybeenused to
allocate human support in eHealth applications, the algorithms tend not to
consider people’s future states (e.g., refs. 26,27) and current states (e.g.,
refs. 28,29). With such a consideration of current and future states, RL for
adaptive behavior change support30 has previously been applied to various
domains, such as timing running notifications31, suggesting step goals32,33,
selecting messages for diabetes prevention34, and choosing persuasive
messages for preparing for quitting smoking35. Here, we investigate whether
RL with a consideration of current and future states can also be used to
allocate human support for long-term effectiveness. Our second research
question thus concernshoweffective human support for quitting smoking is
in the long term (RQ2), again with a focus on engagement.

One crucial difference when allocating human support compared to
adapting other elements of eHealth applications is that human support is
limited: Sinceoneof themainmotivators for creating eHealth applications is
that they reduce the need for scarce and costly healthcare staff, adding large
amounts of human support to eHealth applications defeats this purpose.
Current eHealth applications commonly provide human support on
demand (e.g., refs. 15,36–38).While this doesnot explicitly limit the amount
of humansupport,manypeople donot use optional human support21 due to
reasons such as preference for self-management12 or lack of perceived
usefulness12,37 or time37. Therefore, since the requested amount remains
relatively low in practice, limits such as maximum amounts of support per
person (e.g., up to three text messages per day37) may not be necessary. A
downside of this approach is that peoplewhodonot ask for supportmay still
benefit from it21. To address this, some applications supplement the on-
demand support with a certain minimum level of human support per
person (e.g., refs. 15,36,37). This, in turn, has the disadvantage that support
might be allocated to people who do not benefit or even are put off by it.
Current RL algorithms for allocating human support26–29 do allocate human
support to thosewhowouldmost benefit from it by optimizing formeasures
such as meeting calorie goals28 or reducing opioid analgesic misuse risk27.
However, they do not necessarily respect people’s autonomy by not
assigning support to people who do not want it, which brings us back to the
idea of providing human support on demand. Moreover, unlike applica-
tions providing a certain amount of support to each person, current RL
algorithms do not ensure equal treatment by assigning the same amount of
support to everybody.

Evidently, allocating limited human smoking cessation support
requires moral considerations regarding who gets to benefit from human
support, and thus who may increase their chance of successful smoking
cessation and positive health outcomes. More generally, the question of
allocating limited human support can be seen as a problem of allocating
scarcemedical resources, forwhichPersad et al.39 formulated four categories
of ethical principles: (1) treating people equally, (2) favoring the worst-off,
(3)maximizing the total benefit of the client population, and (4) promoting
and rewarding social usefulness (Table 1). Each of these categories can be
implemented in different ways. For example, treating people equally could
mean allocating support randomly or on a first-come, first-served basis39. In
addition, resource allocation differs in whether it respects people’s auton-
omy. According to self-determination theory, the satisfaction of autonomy

together with competence and relatedness enhances motivation and well-
being40. Moreover, autonomy is, besides justice, non-maleficence, and
beneficence, one of the four main principles of biomedical ethics41. Good-
manandHouk42 argue that apatient shouldhave theultimate say inwhether
to proceed with a treatment they are offered if their autonomy is to be
respected. Applied to our context, this could mean that a person who does
not want human support should not be given support.

Persad et al.39 claim that no single principle is sufficient to include all
morally relevant considerations. However, it is not obvious how the prin-
ciples should be combined. Even in the intensive care unit (ICU) triage
context, which has been well-studied during the COVID-19 pandemic,
guidelines differ between countries43. For example, while maximizing ben-
efits is in many countries a central principle in triage decisions, countries
disagree on whether some priority should be given to younger people
regardless of medical arguments43. Before deciding how to allocate human
support for quitting smoking, it would help to first better understand the
consequences of using different ethical allocation principles, and combi-
nations thereof, for various subgroups. Importantly, the focus here is onfirst
understanding the effects of including a wide range of different principles
rather than proposing that certain principles should be used. Therefore, our
third research question is what ethically (ir)responsible consequences may
occur from using the learning algorithm and can be mitigated with algo-
rithmic refinements (RQ3).

The context in which we investigate our three research questions is
preparing for quitting smoking or vaping with a virtual coach. Specifically,
we envision a virtual coach that prepares people for quitting smoking or
vaping by assigning them preparatory activities such as visualizing one’s
desired future self or thinking of strategies for dealing with cravings. The
goal of these activities is to prepare people for change, which is often done at
the start of a behavior change intervention (e.g., refs. 44–46) to increase the
likelihood of successful change thereafter. We focus on this first part of a

Table 1 | Allocation principles by Persad et al.39, with the
addition of autonomy40,41, and corresponding examples in the
context of allocating human support for preparing for quitting
smoking

Allocation principle Example for preparing to quit smoking

Treating people equally

Lottery - Random allocation

First-come, first-served - Longest time since last human support

Favoring the worst-off: prioritarianism

Sickest first - Least likely to successfully prepare for quitting
smoking without human support

- Most likely to experience negative consequences of
smoking in the future without human support

Youngest first - Youngest first

Maximizing total benefits: utilitarianism

Prognosis - Largest increase in the chance of successfully
preparing for quitting smoking because of the support

- Largest reduction in the negative consequences of
smoking in the future because of the support

Promoting and rewarding social usefulness

Instrumental value - Largest value to society in the future (e.g., healthcare
staff, workers producing influenza vaccine, people
who agree to improve their health and thus use fewer
resources in the future)

Reciprocity - Past usefulness or sacrifice (e.g., past organ donors,
people who participated in vaccine research, people
whomadehealthy lifestyle choices that reduced their
need for resources in the past)

Respecting autonomy

Autonomy - Highest appreciation of human support
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behavior change intervention since feedback effects are more difficult to
assess in a complete behavior change intervention with many other
(adaptive) elements such as goal-setting or social support47. In the few days
between sessions with the virtual coach, smokers may sometimes receive a
feedbackmessage from a human coach tomotivate and keep them engaged
(Fig. 1). To assess the effect of the feedback, the virtual coach asks smokers
about the effort spent on their activities in the next session. The choice of
who receives feedback is thereby guided by psychological (i.e., factors
describing an individual’s state that influence the effects of human feed-
back), economic (i.e., cost of human feedback), and ethical (i.e., which
ethical principles are used) concerns.

Since the effectiveness of eHealth applications for behavior change
hinges on user engagement22, we here examine whether receiving human
feedback increases people’s engagement with the preparatory activities pro-
posed by the virtual coach, specifically, the effort spent on the activities and
the likelihood of returning to the next session. Therefore, the effects of the
intervention on actual smoking cessation lie outside the scope of our study.
For our analyses, we use 2326 interaction samples from a longitudinal study
in which 679 daily smokers and vapers interacted with a text-based virtual
coach inup tofive sessions and sometimes receivedhuman feedbackbetween
sessions. Moreover, we perform human data-based simulations with an RL
model to examine the long-term effects of human feedback given in different
states andundervarying cost settings.Even this “standard”RLmodel is value-
laden. It prioritizes peoplewho are already doingwell andwant feedback.We
conclude by showing that building anRLmodel for allocating limited human
feedback necessitates making ethical decisions and illustrating how different
ethical principles can be incorporated to favor different smoker subgroups.
For this,weuse the principles byPersad et al.39 with the additionof autonomy
to capture a wide range of concrete principles used in practice. Despite the
breadth of these principles, we do not exclude the possibility that other
principles couldbe relevant in this context.To combineprinciples,we canuse
weights. For example, a total priority score could be computed as
0:8× prognosisþ 0:2× youngest first, thereby assigning aweight of 0.8 to the
benefit someone would receive from human support, a weight of 0.2 to their
age-based priority, and a weight of 0 to their priorities based on any other
principle. Rather than proposing optimal weights, our goal is to show the
influence of different weights and, in particular, weights based on smokers’
preferences. For the latter, we use the preferences of the 449 participants of
our post-questionnaire. We hope that our work helps eHealth application
designersmake the ethical decisionsneeded for allocatinghumansupport. To
make our findings accessible to a broader audience, a lay summary can be
found in the Supplementary Information.

Results
We collected 2326 interaction samples from 679 people. On a scale from 0
(“nothing”) to 10 (“extremely strong”), participants reported spending an

average effort of 5.74 (SD = 2.75) on their activities, ranging from 4.80
(SD = 2.72, N = 71) for the activity “Role model for others by quitting
smoking” to 6.62 (SD = 2.42, N = 21) for the activity “How friends and/or
family will receive one’s desired future self after quitting smoking.” The
mean effort scores for all 37 activities can be found in Supplementary
Table 1. In sessions 2–5, participants were asked about their likelihood of
having returned to the session in case of an unpaid smoking cessation
program on a scale from−5 (“definitely would have quit the program”) to 5
(“definitely would have returned to this session”). The mean of these
responses was 1.57 (SD = 2.73, N = 679) in session 2 and 2.11 (SD = 2.68,
N = 504) in session 5, with responses from the full range of the scale in each
session. Participants seem to have readmost of themessages as they clicked
on the reading confirmation links for 81.72% of the 465 interaction samples
with human feedback. Moreover, of the 270 people in the post-
questionnaire who received at least one human feedback message, 82.59%
said they noticed the human feedbackmessages, and 81.85% that they read
the human feedback messages either sometimes (11.48%) or always
(70.37%). Receiving human feedback appears not to have influenced the
actual return to the next session. For example, the percentage of people
answering at least one state question in session 2 is 87.26% for people who
received feedback after session 1 and 86.09% for those who did not.

RQ1: short-term effects of human feedback on engagement
We can frame posterior probabilities as “bets” we can place with varying
confidence levels48. Looking at the direct effect of human feedback, we can
place a casual bet that human feedback increases the effort people spend on
their activities (b = 0.08, 95% HDI = [−0.13, 0.29], P(b > 0) = 0.76, Cohen’s
d = 0.05), whereas it is not worth betting on a positive effect for the return
likelihood (b = 0.03, 95% HDI = [−0.15, 0.22], P(b > 0) = 0.64, Cohen’s
d = 0.02). The effect sizes can be evaluated as less than small according to the
guidelines by Cohen49.

Regarding the delayed effect of human feedback, we find that people
spend more effort on their activities (b = 0.39, 95% HDI = [0.17, 0.62],
P(b > 0) > 0.9995, Cohen’s d = 0.25) and aremore likely to return to the next
session (b = 0.29, 95% HDI = [0.08, 0.50], P(b > 0) > 0.995, Cohen’s
d = 0.18) when they have received human feedback in the past (e.g., two
sessions ago). The posterior probabilities can be classified as nearing cer-
tainty that the effect of having received feedback is positive for effort and a
very strong bet that it is positive for the return likelihood. The effect size is
small for effort and less than small for the return likelihood49.

We further assessed the delayed effect of multiple human feedback
messages. Here, we can place a casual bet that having received multiple
human feedback messages increases the effort people spend on their
activities (b = 0.14, 95% HDI = [−0.21, 0.50], P(b > 0) = 0.80, Cohen’s
d = 0.09), whereas it is not worth betting on a positive effect for the return
likelihood (b = 0.06, 95% HDI = [−0.24, 0.37], P(b > 0) = 0.66, Cohen’s
d = 0.04). Both effect sizes are less than small49.

RQ2: long-termeffectsofoptimallyallocatedhuman feedbackon
engagement
We first analyzed the long-term effects of unlimited human feedback. To
this end, Fig. 2 depicts themean effort-based reward per activity assignment
for four policies that provide different amounts of human feedback. Com-
paring these policies in Fig. 2 shows that providing more human feedback
generally leads to a higher mean reward per activity assignment. The mean
rewards per activity assignment for the policies of never, half the time, and
always providing feedback are 0.53, 0.54, and 0.55 after a single time step,
and 0.57, 0.61, and 0.64 after 100 time steps. The latter three correspond to
efforts of 6.32, 6.68, and 6.97 and thus to increases of themean effort of 5.74
by 10.18, 16.41, and 21.52%. Always providing feedback thus ultimately
leads to an effort that is by 0.65 scale points higher than never providing
feedback. Looking at the optimal policy π*,0 in Fig. 2, however, reveals that
providing more human feedback is not always better: the optimal policy
does not always assign human feedback but ultimately leads to a higher
mean reward per activity assignment than always providing human

Hello, it’s great that you have made the decision to stop smoking!

You’re very right, if we want to achieve a goal we need to be

consistent. However, it is important to give yourself some compassion,

too. We cannot expect ourselves to be perfect at something from the

very beginning. Be gentle with yourself through this process and

celebrate the small successes. Exercise really is a great way to divert

yourself from wanting to smoke and ignoring that little voice in your

head that one more cigarette won’t be so bad. I hope that the next

activity will help you with getting some motivation to get more

physically active! I can see that you are motivated to stop smoking and

are confident in your ability to do so, your mindset is already there!

Keep up the good work and remember to be kind to yourself.

Best wishes,

Karina & Goda on behalf of the Perfect Fit Smoking Cessation Team

Fig. 1 | Example of human feedback sent to participants in our intervention.
Participants received the human feedback messages through Prolific Academic.
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feedback. Specifically, there are two states where it is optimal not to give
human feedback. In both of these states, the perceived importance of pre-
paring to quit is high, and either the self-efficacy for preparing to quit or the
human feedback appreciation is low. The mean reward per activity
assignment for the optimal policy after 100 time steps is 0.66, which cor-
responds to an effort of 7.08 and an increase of the mean effort by 23.36%.

Regarding long-term effects of limited human feedback, Table 2 shows
the states in which people would receive human feedback when different
human feedback costs are used. States with low or medium perceived
importance and high self-efficacy are those where human feedback has the
most positive effect on engagement in the long run, as those states are still
allocated feedback for the highest costs. Increasing the cost generally leads to
only a small drop in reward (Fig. 3a) even if a lot less human feedback is
given (Fig. 3b). The notable exception is increasing the cost from 0.07 to
0.09, which results in a clear drop in the mean effort spent on activities
because then people who have high perceived importance, self-efficacy, and
feedback appreciation (i.e., those in state 211) no longer receive feedback
(Table 2).

RQ3: effect of different ethical allocation principles on human
feedback received by smoker subgroups
Figure 4 depicts the percentage of human feedback allocated to smoker
subgroups, distinguished based on the criteria of prognosis, first-come, first-
served, sickest first, autonomy, and priority, when using different policies to
allocate feedback. For example, when we allocate feedback using only a
prognosis-based reward, around 80% of the feedback is given to people with
a high value for the criterion prognosis (i.e., those most benefitting from the
feedback, first bar in Fig. 4a). On the other hand, if we use a weighted
combination of prognosis and autonomy to allocate feedback, only about
50% of the feedback is given to people who would benefit most from it
(fourth bar in Fig. 4a). In general, Fig. 4 shows that the reward functions
included in the RLmodel influence theway smoker subgroups are allocated
feedback. While adding to the prognosis-based reward, a single auxiliary
reward based on another ethical principle allows more feedback to be
allocated according to that principle (see bars with thick borders in Fig. 4),
ethical principles can be conflicting. Specifically, allocating feedback
according to sickest first leads to much worse performance for autonomy
and prognosis and vice versa (see the arrows in Fig. 4). This suggests that
peoplewhoarenot doingwell are less likely towant andbenefit fromhuman
feedback than people who are doing well. Considering smokers’ allocation
preferences (Table 4), we observe that an optimal policy based on smoker-
preferred principle weighting allocates less feedback to those who would
most benefit from it (prognosis, Fig. 4a) and value it the most (autonomy,
Fig. 4d), compared to an optimal prognosis-basedpolicy.On the other hand,
considering smokers’preferencesmeans allocatingmore feedback to people
who have spent a lot of time since the last feedback (first-come, first-served,
Fig. 4b), are expected to spend the lowest effort on their activities without
feedback (sickest first, Fig. 4c), and have an individual characteristic-based
priority (priority, Fig. 4e). This shows that smokers’ preferences differ from
what is optimal when we just strive to optimize population-level health
outcomes. Free-text descriptions of smokers’ allocation preferences from
our post-questionnaire underline this. For example, one participant wrote,
“Help those first who need the most help, but also be equal, like give feed-
back at least once to each person.” Supplementary Table 4 shows for each
principle a quote from a participant who afterward indicated a relatively
high preference for the principle.

Discussion
The presented study examined the psychological, economic, and ethical
factors that arise when combining human support in the form of human
feedback messages with a chatbot-based smoking cessation intervention.
While our inferential analyses provide only limited support for a positive
direct effect of human feedback on the effort people spend on their activities
and their return likelihood, they do provide strong support for a positive

Table 2 | States with human feedback (✓) for optimal policies π*,c, computed based on different costs c

Policy Low importance (0) Medium importance (1) High importance (2)

000 001 010 011 100 101 110 111 200 201 210 211

π*,0 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

π*,0.02 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

π*,0.03 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

π*,0.05 ✓ ✓ ✓ ✓ ✓ ✓ ✓

π*,0.055 ✓ ✓ ✓ ✓ ✓ ✓

π*,0.07 ✓ ✓ ✓ ✓ ✓

π*,0.09 ✓ ✓ ✓ ✓

π*,0.1 ✓ ✓ ✓

π*,0.102 ✓ ✓

π*,0.12 ✓

π*,0.18

Note: We refer to the 12 states with three-digit strings representing the values of the three state features: (1) perceived importance, (2) self-efficacy, and (3) human feedback appreciation.

Fig. 2 | Mean reward per previous activity assignment over time for four policies.
People are initially distributed across the 12 base states as in the first session of our study.
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Fig. 3 | Impact of different human feedback costs on the reward and amount of
allocated human feedback. Mean (a) reward per previous activity assignment and
(b) fraction of previous activity assignments with human feedback for different

human feedback costs. Up to costs of 0.07, large amounts of human feedback can be
saved (b) without large drops in reward (a).

Fig. 4 | Impact of different policies on the amount of feedback allocated to different
smoker subgroups. Percentage of human feedback allocated to smoker subgroups with
high,medium, and low values for the criteria (a) prognosis, (b) first-come, first-served, (c)
sickest first, (d) autonomy, and (e) priority when using six different policies to allocate
feedback.Thesepolicies are basedoneither a single reward (prognosis), theweighted sum

of two rewards (e.g., prognosis+ autonomy), or the weighted sum of all five rewards
using the smoker-preferred weighting shown in Table 4 (smoker-preferred weighting).
There are only lowandhigh values for the criterion autonomy. For each criterion, the bar
of the policy that specifically addresses only that criterion, besides prognosis, is high-
lighted with a thick border. Arrows indicate conflicts between ethical principles.
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delayed effect, albeit one that is at most small (RQ1). That is, people who
have received human feedback at some point in the past (e.g., two sessions
ago) spend more effort and are more likely to return to the next chatbot
session. Such small positive effects of human support have also been found
in other contexts, such as mental health50,51. Our observed delayed effect
instead of a direct effect makes sense in the tradition of primarily seeing
human support as enhancing accountability or adherence21,24: human
feedback received in the past also affects accountability at least in the short-
term future. It would be interesting to see whether more direct effects are
observed for different kinds of support, such as one that encourages
curiosity52 or aims to deepen the skills or knowledge taught in an activity21.

Beyond the effect of having received human feedback, we only find
limited support for a positive effect of having received multiple feedback
messages. This is in line with previous work in the context of an Internet-
based intervention for panic disorder53, a web- and mobile app-based
mental health promotion intervention54, and a computerized psychological
intervention for comorbid mental health and substance use problems55.
Thus, more human support beyond some minimal level of human invol-
vementmight not have additional benefits. Notably, even people who never
received human feedback in our study spent a somewhat higher effort
(M = 5.83, SD = 2.43, 95% HDI = [5.49, 6.17]) than participants of our two
previous chatbot-based smoking cessation studies without human
involvement56,57 (M = 5.60, SD = 2.56, 95% HDI = [5.43, 5.78]) on activities
common to all three studies. Therefore, future research on the effect of
merely knowing that a human could give feedback is warranted.

Regarding long-term effects, simulations with an RL model show that
while providing more human feedback generally leads to a higher effort-
based reward over time, there are also two stateswhere it is better in the long
run not to provide feedback (RQ2). These are states where the perceived
importance is high, and either self-efficacy or the appreciation of human
feedback is low. This underlines that whether providing human support
positively affects engagement in the long run depends on a person’s state,
described by psychological factors. While our examined psychological fac-
tors primarily relate to engagement, future research could also examine
factors related to other reasons why people may fail to benefit from a
behavior change application and hence benefit from human support (e.g.,
lack of knowledge on how to use the intervention)21. Interesting is also that
even in states where human feedback appreciation is low, providing human
feedback is often beneficial in the long run (Table 2). While not receiving
one’s preferred type of support does not necessarily negatively influence
adherence and effectiveness54, it could also be that people who are strongly
opposed to certain types of feedback drop out at the very start of the
intervention54. Such self-selection might also have occurred in our study.
Since we observed a median human feedback appreciation rating of 6 on a
scale from –10 to 10, this seems likely.

While it is optimal to give human feedback in almost all states, about
50% of human feedback can be removedwithout a large drop in effort spent
on activities (Fig. 3).When thehuman feedback cost is high, the largest long-
term increase in effort can be obtained by giving feedback to peoplewith low
or medium perceived importance of preparing for quitting and high self-
efficacy,which suggests an importance-enhancing effect of human feedback
(Supplementary Fig. 1). While the cost of our human support was already
relatively low because our human coaches were Master’s students in Psy-
chology who spent only five to ten minutes per message, previous work
suggests other types of support that could be used to potentially further
reduce cost. For example, given that the qualification of human coaches
providing support does not seem to play a large role in internet-based
mental health interventions50, it has been proposed that technicians58 or
expert patients17 could also provide feedback.Other alternatives include tips
and personal stories from other users15 as well as group sessions59, even
though the greater effort for users and loss of anonymity associated with the
latter might lead to higher dropout54. Furthermore, besides changing the
type of support, one could also reduce costs by examining why around 20%
of people did not read feedback messages. It could be that some of them
needed less feedback. Lastly, one could investigate how human coaches can

write feedback more quickly. For example, it was more difficult for our
human coaches to write feedback when people did not provide much
information in their introduction texts and activity experiences.

More generally, however, sharing user data with human coaches raises
privacy and transparency concerns16. For example, while our participants
were told in the ethics board-approved informed consent form that human
coaches could potentially read their anonymized introduction texts, activity
experiences, and background information (e.g., baseline smoking/vaping
frequency), we need to keep in mind that participants might not actually
(fully) read or understand informed consent forms60. Our participants were
reminded during the virtual coach sessions only that their activity experi-
ences could be read by human coaches, so not all participants might have
been aware of all the information that the human coaches could access. One
way to address this is to let users see which data their human coach has
access to and explicitly share data with them15. This, however, could mean
that users share very little data, which could come at the expense of effective
feedback, as the experiences of our human coaches and also the therapists in
the study by Doherty et al.15 suggest. Explaining to users the benefit of
sharing more information could help. Future research should also investi-
gate the effect of feedback quality.

When it comes to allocating limited human feedback, the RL model
that optimizes the effort spent on activities is essentially value-laden61,
because it takes a stand on the ethical question of who should receive
feedback when resources are limited. Specifically, in a setting where only
around 35% of people receive feedback, the model gives less feedback to
people who have spent the longest time since the last feedback (first-come,
first-served), are least likely to engage with the intervention without
feedback (sickest first), or should be prioritized based on individual
characteristics such as age or future or past value to society (youngest first,
instrumental value, reciprocity) than the 449 participants of our post-
questionnaire would prefer (Table 4) (RQ3). Our results show that we can
define additional reward functions to favor those people. Notably, how-
ever, we find that favoring one principle can come at the expense of
another. For example, since our participants with low engagement often
did not want feedback, giving more feedback to themmeans doing worse
on autonomy. These conflicts between ethical principles raise the question
of how allocation decisions can be made in practice. In a medical context,
it has often been advocated that multidisciplinary teams decide how to
allocate limited medical resources43,62. In case these teams are unsure of
their preferences over different allocation principles, an explicitly multi-
objective approach can be taken where teams are presented with and
guided in choosing from the set of allocations that are optimal under
different weights given to allocation principles63,64. To increase acceptance
of the selected allocation, the underlying rationale should be explained61,65.
Individual allocation outcomes could further be explained with directions
to how other outcomes can be obtained66. Lastly, in case the model is
continuously updated with new data collected during the intervention,
approaches to normativemonitoring of themodel (e.g., refs. 67,68) might
be useful to determine and potentially adjust the degrees to which allo-
cation principles are followed.

In addition to the limitations related to the type andquality of feedback,
as well as the possible self-selection of participants who favor receiving
human feedback, our work is further limited in several ways. First, our RL-
based analysis of the long-term effects of human feedback is based on
humandata-based simulations.Although this is a commonway to assessRL
models30, future work should compare the long-term effects of different
ways of allocating human feedback in a randomized controlled trial to see
how well our findings generalize. Such a trial could also integrate our pre-
paratory activities into a full behavior change intervention to confirm
whether higher engagement with preparatory activities is associated with
more successful smoking cessation. Just like the engagement with these
activities, their effectiveness may also depend on people’s states. We are
currently investigating this in a separate study57. Analyzing the data on
people’s experiences with their activities that we publish with this paper can
further provide insights on when and for whom preparatory activities are
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effective. Additional field studies could also assess the predicted ethical
implications of our analyses. Second,while our analysis of short-term effects
forRQ1 shows a delayed effect of providing feedback, it is not clear whether
the state transitions in our RL model are sufficient to capture these delayed
effects. Future works should investigate this. Third, since participants were
paid for completing the conversational sessions, theymight have felt at least
some obligation to complete the activities even though they were informed
that their payment was not contingent on their reported completion. As
such, theremight already have been some accountability to the intervention,
which might have limited the additional effect of human feedback. Inter-
estingly, feedback is allocated in fewer and different states when using the
return likelihood instead of the effort as the basis for the reward (Supple-
mentary Table 2), which underlines the importance of testing the effect of
human feedback in an intervention without payments. Fourth, as our
participants were relatively young and well-educated (Supplementary
Table 5), our findings might not generalize to an older and less educated
sample. Such a sample might, for example, benefit from more support,
particularly that which also addresses low eHealth literacy and limited
technology skills69,70. Future research could examine how our findings
generalize to people who are underrepresented in our sample. Furthermore,
there is potentially limited generalizability of our findings to other clinical
settings. Even though similar analyses could be performed, the specific
results (e.g., states in which human feedback is optimal, ways in which
ethical principles are conflicting) would probably differ. Since human
feedbackhas alsobeen shown tobe effective in other contexts such asmental
health50,51, it is promising to investigate this further. Lastly, our findings
depend on the specific ways in which we operationalized the ethical prin-
ciples in our context. This operationalization alone can have ethical con-
sequences (e.g., see Obermeyer et al.71 in the context of using historical
health costs as a proxy for health needs).

In conclusion, using data from our longitudinal study in which 679
daily smokers and vapers interacted with a text-based virtual coach in up to
five sessions and sometimes received human feedback between sessions, we
demonstrate that people who have received human feedback spend more
effort on the activities proposed by the virtual coach and are more likely to
return to the next session. This suggests that it would be beneficial to have a
human coach check in at least once with people who are preparing to quit
smoking with a virtual coach. Moreover, concerning long-term effects,
simulations with an RL model show that while providing more human
feedback generally leads to a higher effort, there are also states where it is
better not to provide feedback.When only very few resources for providing
feedback are available, the highest effort spent on activities over time can be
obtained by giving it to people with high self-efficacy and low or medium
perceived importance of preparing forquitting smoking/vaping.Third, even
the “standard” benefit-maximizing RL model is value-laden, prioritizing
people who are already doingwell andwant feedback. This is noteworthy in
times when the increasing pressure on the healthcare system leads to calls to
focus more on the cost-effectiveness of healthcare6. We further show how
theRLmodel canbe extended to incorporateother ethical principles, suchas
favoring the worst-off or treating people equally, which we find to influence
which smoker subgroups receive feedback. Since there is thus no value-free
allocation of human support, moral decisions on who gets human support
cannot be avoided. Given the complexity and dependencies between ethical
principles, determining the consequences of different moral decisions is
crucial. We hope that our work facilitates this and thus helps in making
moral allocation decisions.

Methods
We conducted an online crowdsourcing study in which participants
interacted with the virtual coach Kai in up to five sessions between 1
February and 19March 2024. The Human Research Ethics Committee of
Delft University of Technology granted ethical approval for the study
(Letter of Approval number: 3683). We preregistered the study in the
Open Science Framework (OSF)72, and no changes were made compared
to the preregistration.

Study design
We performed a longitudinal study with a micro-randomized design73,
which entails assigning an intervention option at random to each partici-
pant at each pertinent decision point. The two intervention options were
providing and not providing human feedback, which were chosen with
probabilities of 20%and80%, respectively. The four decisionpointswere the
days between each pair of five sessions with the virtual coach. To assess the
effect of the intervention options, participants reported their effort spent on
the activity assigned by the virtual coach as well as their return likelihood in
case of anunpaid intervention in sessions 2–5 (Fig. 5). Basedon the collected
data, we performed inferential statistics to determine the effect of human
feedbackon the effort and return likelihood (RQ1).Moreover, we trained an
RLmodel that optimizes the effort people spendon their activities over time.
Using this model, we ran human data-based simulations to assess the long-
term effects of human feedback under varying settings for the cost of pro-
viding feedback (RQ2). Such human data-based simulations are a common
way to assess RL models30. Lastly, we compared the optimal policies of RL
models that not only optimize the effort spent on activities (i.e., prognosis)
but also account for other ethical principles (Table 4) concerning the human
feedback allocated to different smoker subgroups (RQ3). The weights
assigned to thedifferent ethical principles are thereby alsobasedon smokers’
preferred principles for allocating human feedback from our post-
questionnaire (Table 4).

Materials
The materials developed for this study include the virtual coach Kai, 37
preparatory activities for quitting smoking, and human feedback messages.

Session 1

Session 2

Session 3

Session 4

Session 5

20%

User state: perceived importance, self-efficacy,

human feedback appreciation, energy, session

number

: effort, return likelihood

Preferred principles for allocating human

feedback

20%

20%

20%

Post-questionnaire

Effect on engagement

Fig. 5 | Study design, including the collected data. Between each pair of sessions,
participants had a 20% chance of receiving a human feedback message.
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We implemented the text-based virtual coach Kai by closely fol-
lowing the implementation of the virtual coach Sam74, which was devel-
oped for another smoking cessation study and overall perceived positively
by smokers12,75. There were two versions of Kai, one for smokers and one
for vapers. Below, we describe the smoking version. The only difference of
the vaping version is that smoking-related terms in the dialogs were
replaced with their vaping counterparts (e.g., “smoker” was replaced by
“vaper”). After introducing itself as wanting to prepare people for quitting
smoking and becoming more physically active, with the latter possibly
aiding the former76,77, Kai explained that one of two human coaches could
sometimes send a feedback message between sessions. These human
coaches were described as having a background in Psychology, including
knowledge of how to help people change their behavior. In each of up to
five sessions, Kai collected information on an individual’s current state by
asking about their importance and self-efficacy for preparing for quitting,
human feedback appreciation, and energy.Afterward, Kai proposed a new
preparatory activity. In the next session, Kai asked about the effort people
spent on their activity and their experience with it, as well as their like-
lihood of returning to the session if it was unpaid. People were told that
one of the human coaches could read their experience description to write
a feedback message, and that more specific descriptions would help write
more specific feedback. Kai informed people when they were chosen to
receive human feedback after the session. At the end of the session, par-
ticipants received a reminder message with their activity on Prolific
(Supplementary Fig. 2). Like Sam, Kai gave compliments for spending a
lot of effort on activities, expressed empathyotherwise, andmaintained an
encouraging attitude. The Rasa-based implementation of Kai78 and a
demo video79 are available online. The conversation structure is shown in
Supplementary Fig. 3.

In each session, Kai proposed a new preparatory activity. This activity
was randomly chosen from a set of 37 short activities (e.g., past successes for
quitting smoking, role model for others by quitting smoking, visualizing
becoming more physically active as a battle) created based on discussions
with health experts, the activities of the smoking cessation applications by
Michie et al.80 and Albers et al.12, the behavior change techniques byMichie
et al.81, and smoking cessation material by organizations such as the
National Cancer Institute and theDutch Trimbos Institute. Since becoming
more physically active can make it easier to quit smoking76,77, 17 activities
addressed becoming more physically active. One example of an activity is
given in Table 3 and all activities can be found in Supplementary Table 3.

Between sessions, participants sometimes received a human feedback
message. These messages were written by one of two human coaches, who
wereMaster’s students inPsychology. Following themodel by opdenAkker
et al.82, the human coaches were instructed to write messages that contained
the following components: feedback, argument, and suggestion or reinfor-
cement. They also received the general guidelines to refer to things in
people’s lives to build rapport, show understanding if people have low
confidence, and reinforce people when they are motivated. When writing
the feedback, the human coacheshad access to anonymized data onpeople’s
baseline smoking and physical activity behavior (i.e., smoking/vaping fre-
quency, weekly exercise amount, existence of previous quit attempts of at
least 24 hours, and the number of such quit attempts in the last year),
introduction texts from the first session with the virtual coach, previous
preparatory activity (i.e., activity formulation, effort spent on the activityand
experience with it, return likelihood), current state (i.e., self-efficacy,

perceived importance of preparing for quitting, human feedback appre-
ciation), and new activity formulation. All feedback messages ended with a
disclaimer that they were not medical advice. A screenshot of how we sent
human feedback messages to participants is provided in Fig. 6. All 523
written messages are available online83.

Measures
We collected four primary groups of measures, namely, the effort spent on
activities, the likelihood of returning to a session, state features, and parti-
cipants’ preferred principles for allocating human feedback.

The virtual coach asked participants about the effort they put into their
previously assigned activity on a scale from0 (“Nothing”) to 10 (“Extremely
strong”), adapted from Hutchinson and Tenenbaum84 as also done by
Albers et al.35.

To determine participants’ return likelihood, the virtual coach asked
participants the question “Currently you are taking part in a paid experiment.
Imagine thiswas an unpaid [smoking/vaping] cessationprogram.How likely
would you thenhavequit theprogramor returned to this session?”, ratedona

Table 3 | Title and formulation of 1 of the 37 preparatory
activities for quitting smoking used in the study

Reasons for quitting smoking. Quitting smoking has many benefits. Think, for
example, of improved physical fitness, healthier skin, and lower expenses. To help
you quit smoking, it can be useful to write down why you want to quit. This can
increase your aspiration to quit smoking,whichmay aid in quitting successfully. So,
before the next session, I advise you to identify and write down reasons why you
want to stop smoking. After writing themdown, think aboutwhich reasons aremost
important to you and order them accordingly.

Fig. 6 | Screenshot of a human feedback message sent to a participant on the
crowdsourcing platform Prolific Academic. The message ended with a disclaimer
that it was not medical advice.

https://doi.org/10.1038/s41746-025-01701-3 Article

npj Digital Medicine |           (2025) 8:326 8

https://www.cancer.gov/
https://www.trimbos.nl/
www.nature.com/npjdigitalmed


scale from −5 (“definitely would have quit the program”) to 5 (“definitely
would have returned to this session”). 0 was labeled as “neutral.”

Moreover, we measured five variables (i.e., features) that describe a
person’s state in each session: (1) the perceived importance based on the
question “How important is it to you to prepare for quitting [smoking/
vaping] now?”, adapted fromRajani et al.85 and rated on a scale from0 (“not
at all important”) to 10 (“desperately important”), (2) self-efficacy based on
the question “How confident are you that you can prepare for quitting
[smoking/vaping] now?”, adapted from the Exercise Self-Efficacy Scale is by
McAuley86 and rated on a scale from 0 (“not at all confident”) to 10 (“highly
confident”), (3) human feedback appreciation based on the question “How
would you view receiving a feedbackmessage fromahuman coach after this
session?”, rated on a scale from -10 (“very negatively”) to 10 (“very posi-
tively”), with 0 labeled as “neutral,” (4) energy based on the question “How
much energy do you have?”, rated on a scale from 0 (“none”) to 10
(“extremely much”), and (5) the session number.

We further determined participants’ preferred principles for allocating
human feedback by asking them to distribute 100 points across 11 allocation
principles after the question, “Based on which principles/rules should the
virtual coach decide when a human coach should give feedback to people
who are preparing to quit [smoking/vaping]? Assign 100 credits to the
principles below, where more credits mean that you are more in favor of a
principle.” Nine principles were derived from those presented by Persad
et al.39, adapted to the smoking cessation context (Supplementary Table 4).
We supplemented these principles with one further formulation of treating
people equally (i.e., least amount of human feedback so far) and with the
principle of respecting people’s autonomy by prioritizing people who most
appreciate receiving human feedback.

Participants
Participants were recruited from the crowdsourcing platform Prolific
Academic. Eligible were people who smoked tobacco products or vaped
daily, were fluent in English, and had not participated in the conversa-
tional sessions of our two previous studies with similar preparatory
activities56,57. Participants further had to give digital informed consent,
confirm smoking/vaping daily, and indicate being contemplating or
preparing to quit smoking/vaping87 and not being part of another inter-
vention to quit smoking/vaping to pass the prescreening questionnaire.
The study was framed as preparation for quitting smoking/vaping for
people recruited as daily smokers/vapers. Out of 852 people who started
the first conversational session, 500 completed all five sessions, and 449
provided their preferences for allocating human feedback based on dif-
ferent principles in the post-questionnaire. To increase the chance that
participantswould read thehuman feedbackmessages, theywere told they
might be asked to confirm having read a receivedmessage to be invited to
the next session. Participants who failedmore than one attention check in
the prescreening questionnaire were not invited to the first session.
Moreover, participants had to respond to the invitations to the sessions
and the post-questionnairewithin twodays. The participant flow is shown
in the Supplementary Information. Participants who completed a study
component were paid based on the minimum payment rules on Prolific,
which require a payment rate of six pounds sterling per hour. Participants
were informed that their payment was independent of how they reported
on their preparatory activities to account for self-interest and loss aversion
biases88. Participants who failed more than one attention check in the
prescreening or post-questionnaire were not compensated for that
respective questionnaire. Participants were from countries of the Orga-
nization for Economic Co-operation and Development (OECD),
excluding Turkey, Lithuania, Colombia, and Costa Rica, but including
SouthAfrica89.Of the679participantswith at least one interaction sample,
330 (48.60%) identified as female, 335 (49.34%) as male, and 14 (2.06%)
provided another gender identity. The age ranged from 19 to 71
(M = 36.30, SD = 11.21). Further participant characteristics (e.g., educa-
tion level, smoking/vaping frequency) can be found in Supplementary
Table 5.

Procedure
Participants meeting the qualification criteria could access the prescreening
questionnaire onProlific, and thosewhopassed theprescreeningwere invited
to the first session with Kai about 1 day later. Invitations to a subsequent
session were sent about 3 days after having completed the previous one.
Between sessions, participants each time had a 20% chance of receiving a
human feedbackmessage. About three days after completing the last session,
participants were invited to a post-questionnaire in which they were asked
about their preferred principles for allocatinghuman feedback,first bymeans
of an open question and then by distributing points across given principles.

Data preparation
We collected all interaction samples of pairs of sessions in which people
answered at least the effort, return likelihood, and the first state feature
question (i.e., perceived importance) in the next session. Missing values in
interaction samples (N = 5) for the remaining state features were imputed
with the corresponding feature’s sample population median. Our data and
analysis code are publicly available90.

Data analysis for RQ1: short-term effects of human feedback on
engagement
First, we wanted to assess whether human feedback positively affects
engagement in the short term. For this, we performed Bayesian inferential
analyses.

To determine the direct effect of human feedback on the effort people
spend on their activities and their return likelihood, we compared samples
where people received human feedback to samples where they did not. For
each of the two dependent variables (i.e., effort and return likelihood), we fit
amodel containing a generalmean, a random intercept for each participant,
and a binary fixed effect for human feedback received after the previous
session. We fit both models with diffuse priors based on the ones used by
McElreath91 and assessed themby interpreting the posterior probability that
the fixed effect for human feedback is greater than zero based on the
guidelines by Chechile48. We further report 95% highest density inter-
vals (HDIs).

Besides the direct effect of human feedback on the effort and return
likelihood, there might also be a delayed effect. For example, if human
feedback increases a person’s self-efficacy, then the person may spend a lot
of effort on future activities even when not receiving additional human
feedback. To determine whether having received human feedback leads to a
higher effort and return likelihood, we fit two further statistical models. For
both dependent variables (i.e., effort and return likelihood), we fit a model
containing a general mean, a random intercept for each participant, and a
fixed effect for whether participants had received human feedback until
then. We again fit both models with diffuse priors and used posterior
probabilities and 95% HDIs to assess whether the effect of having received
human feedback is positive.

The delayed effect of human feedback might be stronger for people
who have received multiple feedback messages. To determine whether
having received more human feedback leads to a higher effort and return
likelihood, we created two further statistical models by extending the pre-
vious twomodelswith afixedeffect for thenumber of times participants had
received human feedback until then. Again, we fit both models with diffuse
priors and used posterior probabilities and 95%HDIs to assess whether the
effect of multiple human feedback messages is positive.

Data analysis for RQ2: long-term effects of optimally allocated
human feedback on engagement—RLmodel
While our inferential analysis of delayed human feedback effects already
lookeda few steps into the future, itwasbasedon randomly allocatedhuman
feedback. However, in some situations, giving human feedback might also
be detrimental in the long run. So now, we want to use simulations to assess
the long-term effects of optimally allocated human feedback based on a
person’s state.With optimally allocatedhuman feedback,wemean feedback
that is only given in situations (a) where it is ultimatelymore beneficial than
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not giving feedback, and (b) where this benefit outweighs the economic cost
of giving human feedback.

To study the long-term effects of optimally allocated human feedback,
we designed and trained an RLmodel for deciding when to allocate human
feedback. Starting with a basemodel thatmaximizes the effort people spend
on their activities over time, we add the consideration of human feedback
costs, and later for RQ3 of other ethical principles for allocating feedback.
Figure 7 visualizes our final model.

We can define our approach as a Markov decision process (MDP) 〈S,
A, R, T, γ〉. The action space A consisted of two actions (i.e., giving human
feedback no/yes), the reward function R: S ×A→ [0, 1] was determined by
the self-reported effort spent on activities, T: S ×A × S → [0, 1] was the
transition function, and the discount factor γwas set to 0.85 to favor rewards
obtained earlier over rewards obtained later as also done in previous work
(e.g., refs. 32,35). The finite state space S described the state a person was in
and was captured by their perceived importance of and self-efficacy for
preparing for quitting smoking/vaping, as well as their appreciation of
receiving human feedback. The goal of anMDP is to learn an optimal policy
π*: S→Π(A) that describes anaction to take in each state thatmaximizes the
expected cumulative discounted reward E

P1
t¼0 γ

trt
� �

. The optimal
Q-value function Q� : S×A ! R describes the expected cumulative dis-
counted reward for executing action a in state s and π* in all subsequent
states. In the following, we describe each component in more detail.

We considered six features to describe the state space: (1) the perceived
importance, (2) self-efficacy, (3) the difficulty of the assigned activity based
on the activity difficulty ratings by Albers et al.92, (4) energy, (5) human
feedback appreciation, and (6) the session number. The first three features
were considered since goal-setting theory posits that goal commitment,
facilitatedby importance and self-efficacy, and taskdifficulty aremoderators
of the effects that goals have on performance93. More precisely, low com-
mitment and high task difficulty might make it harder for people to reach
their goals, which may make human feedback more beneficial. We further
included energy since it was shown to be an important predictor of the effort
people spend on preparatory activities for quitting smoking in a previous
study57. Moreover, since the novelty of the intervention may influence
people’s motivation to do the activities12, we also captured the session
number.

To reduce the size of the state space and thus create a more robust
model, we selected three abstracted base state features based on our
collected data. Specifically, using the G-algorithm94 and its adaptation by
Albers et al.35 as inspiration, we iteratively selected the feature for which
the Q-values for the abstracted feature values were most different. We
thereby specified the first selected feature to have three and the second
and third features two abstracted values. Abstract features were

computed based on percentiles. For example, to create an abstract feature
with two values, we set all values less than or equal to themedian to 0 and
those greater than the median to 1. Besides reducing the required data,
selecting a subset of the state features also has the advantage that the
virtual coach would in the future need to ask people fewer questions
per session, which is in line with keeping smoker demands to a
minimum80. The three selected features were (1) perceived importance
with three values, (2) self-efficacy with two values, and (3) human
feedback appreciation with two values. The base state space thus had size
3 × 2 × 2 = 12.We refer to the resulting base stateswith three-digit strings
such as 201 (here perceived importance is high, self-efficacy is low, and
human feedback appreciation is high). Supplementary Fig. 5 and Sup-
plementary Fig. 6 show the mean effort and number of samples per
combination of values for the three selected features.

The action space was defined by two actions: giving (a = 1) and not
giving (a = 0) human feedback.

Just as in the algorithm by Albers et al.35, the base reward signal was
basedonaskingpeoplehowmucheffort they spent on their previous activity
on a scale from 0 to 10. Based on the sample population mean effort e, the
reward r ∈ [0, 1] for an effort response e was computed as follows:

r ¼
e
2e if e < e

1� 10�e
2ð10�eÞ if e > e

0:5 otherwise:

8
><

>:
ð1Þ

The idea behind this reward signal was that an effort response equal to
the mean effort was awarded a reward of 0.5, and that rewards for efforts
greater and lower than the mean were each equally spaced.

The reward and transition functions were estimated from our data.
Due to budget constraints, the base rewardmay cause human feedback

to be allocated tomore people than canbe economically afforded. To be able
to reduce the amount of allocatedhuman feedback,we introduce thehuman
feedback cost c to be included in the reward computation depending on the
action a:

rc ¼
r if a ¼ 0

r � c if a ¼ 1

�

ð2Þ

We computed 0.001-optimal policies and corresponding Q* with
Gauss-Seidel value iteration from the PythonMDP Toolbox. We use π*,c to
refer to an optimal policy for a certain cost c.

Self-efficacy Perceived importance

Time since last

feedback

User characteristic-

based priority

Human feedback

appreciation

Feedback allocation

Effort

State

Other variables for effort prediction

Moderators of goal-performance relationship

Additional variables for auxiliary rewards

Feedback yes/no

Reward = Autonomy

First-come,

first-served
Priority

Sickest-

first

+ α4 x+ α3 x

+ α2 x+ α1 xα0 x

- cost

Fig. 7 | Visualization of the final RL model. The arrows indicate which state features are used to predict the different reward functions. The five reward functions can be
combined by setting different weights α.
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Data analysis for RQ2: long-term effects of optimally allocated
human feedback on engagement—analysis steps
First, we assume we have no economic budget constraints and can
allocate as much human feedback as we wish (i.e., c = 0). To assess the
effects of such unlimited human feedback over time, we ran simulations
based on our collected data to compare four different policies con-
cerning the mean reward per activity assignment over time: (1) the
optimal policy π*,0, (2) the policy of always assigning human feedback,
(3) a theoretical average policy where each of the two actions is taken 1

2
times for each person at each time step, and (4) the policy of never
assigning human feedback. To obtain a realistic population, the
simulated people were initially distributed across the state features
following the distribution we observed in the first session of our study
(Supplementary Fig. 7).

In practice, budget constraints might limit the amount of available
feedback and thus make it impossible to always allocate human feedback
according to π*,0. To reduce the amount of allocated human feedback, we
added different human feedback costs to the base reward, and assessed the
resultingmean reward and amount of allocated human feedback over time.
The considered costswere chosen such that the resultingoptimal policiesπ*,c

all differ in thenumberof states that are allocated feedback.Weagainused as
the starting population the distribution of people across the 12 states we
observed in our study’s first session.

Data analysis for RQ3: effect of different ethical allocation prin-
ciples on human feedback received by smoker subgroups
Given that we can only provide limited human feedback, we cannot allocate
human feedback to everybody. The RL models we have trained for RQ2 all
allocate human feedback to those who will see the largest increase in effort
spent on preparatory activities over time because of the feedback. This can
be seen as maximizing total benefits according to the allocation principle
that Persad et al.39 call prognosis. However, we can also use other ethical
principles in our RL model. Here, we now want to assess the effects of
incorporating different ethical allocation principles on the subgroups of
smokers who receive feedback.

To get a realistic assessment of the effect of incorporating different
ethical allocation principles, let us first define a potential live smoking ces-
sation application. Suppose we have an application inwhich people have up
to nine sessions with a virtual coach, after each of which they can get
feedback from a human coach. As people sometimes drop out of eHealth
applications before completing them18,95, we assume, based on the average
percentage of negative return likelihood ratings per session of our long-
itudinal research study, a 15% chance that people drop out of our applica-
tion after each session. The spots of people who have either completed all
nine sessions or have dropped out are given to new people. These new
people are distributed across the 12 base states, as in the first session of our
study. Taking about six minutes to write a feedback message, the human
coach can give feedback to around 58 people every day. Assuming 166 spots

in the application, this amounts to 35%. Therefore, the human feedback
costs in our analyses were set such that, on average, about 35% of people
receive feedback every day.

To also reward allocating human feedback according to ethical prin-
ciples other than prognosis, we extended the RL model. Specifically, we
created the four auxiliary (i.e., additional) rewards shown inTable 4.Weuse
first-come, first-served to illustrate the effect of treating people equally. Note
that the ethical principles of youngest first, instrumental value, and reci-
procity can all be represented by setting an individual characteristic-based
priority level. To compute these auxiliary rewards, we extended the state
space by two features, each with three values: (1) a random individual
characteristic-based priority level that remains fixed for each person and (2)
time since the last human feedback. Both of these state features only
influence the auxiliary reward and not the base reward (i.e., prognosis). Each
auxiliary reward raux∈ [0, 1] is then computed as raux ¼ aux�auxmin

auxmax�auxmin
, where

aux is a person’s value for themeasure underlying the auxiliary reward (e.g.,
the time since the last human feedback) and auxmin and auxmax are the
lowest and highest possible values for the measure.

Using the rewards from Table 4 and the weights given to them by
smokers, we compared six policies based on which states they allocate
feedback: (1) the optimal policy based on the base reward, (2–5) the
four optimal policies for using the base reward together with either first-
come, first-served, sickest first, autonomy, or priority with the two
rewards weighted based on the smoker-preferred weights, and (6) the
optimal policy based on all five rewards weighted according to weights
derived from smokers’ preferred principles for allocating human
feedback (Table 4). Due to the relatively large drop in reward between
human feedback costs of 0.07 and 0.09 observed for our analysis of the
long-term effects of limited feedback (Fig. 3a), we set the human
feedback cost to 0.07 for the base reward-based optimal policy, which
means that after each session around 35% of people get feedback
(Supplementary Fig. 8b). Since incorporating auxiliary rewards can
change the amount of allocated feedback, we tuned the costs for the
other policies such that these policies also allocate feedback to around
35% of people, thus allowing for a fair comparison between policies.

Data availability
Our data are available at https://doi.org/10.4121/c11b991b-0eda-4565-
b7d0-6ca7fcd1cf7e.

Code availability
Our analysis code is available at https://doi.org/10.4121/c11b991b-
0eda-4565-b7d0-6ca7fcd1cf7e.
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Table 4 | Allocation principles by Persad et al.39, with the addition of autonomy, and corresponding rewards and mean weights
assigned by participants of our post-questionnaire

Allocation principles Reward Weight

Prognosis Base reward: Prioritize people who will see the largest increase in effort
because of the feedback

30.82%

Treating people equally (lottery, first-come, first-served, least amount of
human feedback so far1)

First-come, first-served: Prioritize people who have spent the longest time
since the last feedback

22.18%

Sickest first Sickest first: Prioritize people who would spend the lowest effort without
feedback

25.34%

Youngest first, instrumental value, reciprocity Priority: Prioritize people with a higher individual characteristic-based priority 13.04%

Autonomy Autonomy: Prioritize people who appreciate feedback the most 8.62%

Note: We use first-come, first-served to illustrate the effect of treating people equally.
1 We supplemented the principles for treating people equally by Persad et al.39 with the principle of prioritizing peoplewith the least amount of human feedback so far. The reason is that while Persad et al.39

focus on medical resources that can be allocated to each person only once, human feedback can in our context also be allocated more than once.
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