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A B S T R A C T   

In order to be more accessible and overcome the challenges of low adherence and high dropout, self-guided 
internet interventions need to seek new delivery formats. In this study, we tested whether a widely-adopted 
social media app – Meta's (Facebook) Messenger – would be a suitable conveyor of such an internet interven-
tion. Specifically, we verified the efficacy of Stressbot: a Messenger chatbot-delivered intervention focused on 
enhancing coping self-efficacy to reduce stress and improve quality of life in university students. Participants (N 
= 372) were randomly assigned to two conditions: (1) an experimental group with access to the Stressbot 
intervention, and (2) a waitlist control group. Three outcomes, namely coping self-efficacy, stress, and quality of 
life, were assessed at three time points: a baseline, post-test, and one-month follow-up. Linear Mixed Effects 
Models were used to analyze the data. At post-test, we found improvements in the Stressbot condition compared 
to the control condition for stress (d = − 0.33) and coping self-efficacy (d = 0.50), but not for quality of life. A 
sensitivity analysis revealed that the positive short-term intervention effects were robust. At the follow-up, there 
were no differences between groups, indicating that the intervention was effective only in the short term. In sum, 
the results suggest that the Messenger app is a viable means to deliver a self-guided internet intervention. 
However, modifications such as a more engaging design or boosters are required for the effects to persist.   

1. Introduction 

One of the most common distinctions between multiple formats of 
internet-delivered psychological interventions (Smoktunowicz et al., 
2020) is whether they are guided or not. The guidance usually relates to 
the content of the intervention being provided by a trained professional, 
whereas self-guided programs are delivered with no or minimal human 
input (Karyotaki et al., 2017). While therapist-guided interventions 
produce effects similar to in-person therapy (Hedman-Lagerlöf et al., 
2023), self-guided programs tend to lead to smaller effects (Karyotaki 
et al., 2021) and suffer from low uptake and adherence, and high 
attrition rates (e.g., Linardon and Fuller-Tyszkiewicz, 2020). Yet, they 
have several advantages. First, both app- and web-based self-guided 
interventions have been found to be effective in treating multiple mental 
disorders and enhancing psychological health, including reducing stress 
(e.g., Karyotaki et al., 2017; Linardon et al., 2019). Second, they are 
easier and cheaper to maintain, meaning they can be offered on a large 
scale, which is particularly important when access to more structured 
help is limited (Bockting et al., 2016). Finally, they provide a higher 

level of anonymity and even more flexibility than guided interventions 
(Bücker et al., 2019). These benefits encourage attempts to identify new 
means of delivering self-guided interventions and overcoming their 
challenges. Mohr et al. (2017) propose that in order to achieve a true 
paradigm shift, internet interventions should aim beyond replacing 
psychotherapy and introduce new ways of providing psychological help. 
Moreover, rather than inviting users to interventions, researchers might 
want to meet participants in spaces where they already spend their time. 
In response, in this study, we tested the efficacy of a self-guided low- 
effort internet intervention delivered via an app that is already used by 
more than a billion users (Kemp, 2021), that is, Meta's Messenger. 

Using Meta's Messenger as a delivery tool for a psychological pro-
gram offers several benefits. First, it addresses the entry barriers usually 
associated with internet interventions. Interventions are often delivered 
via apps and web platforms that require participants to create a new 
account. Moreover, because these apps usually have no standard design, 
they come with a learning curve: Users need to learn how to navigate the 
program before they can start to benefit from its content. Employing a 
well-known messaging app to deliver an intervention responds to these 
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crucial challenges (Dederichs et al., 2021; Smith et al., 2023), as it is 
likely that the end users are already familiar with the app and even have 
it installed on their phones. Second, because an intervention delivered 
through Meta's Messenger means employing a chatbot design, it in-
troduces a better user experience. Specifically, a chatbot interface could 
decrease the effort needed to participate in the intervention and enhance 
the rewarding aspect of completing exercises, as every interaction with a 
chatbot is met with an immediate response (Baumel and Muench, 2021). 
Moreover, we believe that a combination of a chatbot and a popular 
social media app responds to participants' needs for interventions that 
are user-friendly and easily integrated into their lives (Borghouts et al., 
2021). 

However, chatbots range from complex AI-based implementations to 
simple, rule-based bots (Adamopoulou and Moussiades, 2020). The 
former are still in early development, and although examples of their 
successful adaptation in psychological programs exist (e.g., Liu et al., 
2022), their preliminary use presents critical risks, such as misunder-
standing participants' intentions (Boucher et al., 2021). Moreover, some 
participants have reported concerns regarding the usability of chatbots 
(Boucher et al., 2021), which we suspect could result from disappoint-
ment with the current capabilities of human-mimicking AI applications 
in psychological programs. Simple, rule-based chatbots on the other 
hand, albeit less technologically sophisticated, are less likely to under-
deliver when it comes to users' high expectations, especially if the 
chatbot's mechanism is transparently disclosed. With this assumption, 
we employed a rule-based chatbot as a user-friendly tool to deliver an 
internet intervention in a convenient conversational form. 

Our overarching goal in this study was to test whether a self-guided 
internet intervention delivered via a chatbot in a messaging app—in this 
case, Meta's Messenger—would be effective in improving psychological 
outcomes. Specifically, we focused on an intervention that aimed to 
reduce stress and improve quality of life through the enhancement of 
coping self-efficacy (Chesney et al., 2006). Previous studies have found 
programs focused on improving self-efficacy to be effective in various 
contexts, including improving medical workers' well-being (Smoktuno-
wicz et al., 2021) and reducing stress in professionals exposed to indirect 
trauma (Cieslak et al., 2016). Yet, these programs were web-based, 
required effort to learn to use and were time-consuming. These factors 
limited their uptake which manifested in, among others, a high dropout 
rate. In this study, we tested whether enhancing self-efficacy and 
improving well-being would also be achieved with a new low-effort 
delivery method, namely Meta's Messenger chatbot. 

A group particularly familiar with the Messenger app is university 
students: In 2018, >80 % of people aged 18 to 24 in the US used it 
(Dixon, 2022). Testing a Messenger-based intervention in this de-
mographic makes it possible to meet the interventions' recipients in the 
space they already use, and thus remove entry barriers while simulta-
neously increasing the availability of psychological help. It also allows 
for testing the intervention in a setting close to real life (Mohr et al., 
2017). Moreover, a low-effort intervention seems to fit students' needs as 
they already face various demands ranging from academic to social and 
psychological: e.g., financial management, interpersonal relationships, 
or time management (Logan and Burns, 2021). Hence, a traditional in- 
person or internet-based intervention could itself become a demand. 
Yet, students do suffer from restricted access to psychological help. This 
has been illustrated both in the international context (Auerbach et al., 
2018) and specifically in Poland (NZS, 2021), where the current study 
was carried out. Therefore, a low-effort format could be a way to bring 
psychological help to those who would not access it otherwise. 

In sum, the objective of this study was to determine whether a psy-
chological self-guided intervention could be effective when delivered 
with a low-effort approach through a chatbot on Meta's Messenger. 
Specifically, we expected that completing exercises designed to enhance 
coping self-efficacy would result in students' higher coping self-efficacy 
(Hypothesis 1), lower stress (Hypothesis 2), and higher quality of life 
(Hypothesis 3) when compared to the waitlist control both at post-test 

and at a one-month follow-up. 

2. Methods 

2.1. Study design 

The study was a parallel randomized controlled trial (RCT) with two 
conditions compared on three time points: baseline (T1), post- 
intervention (T2), and a one-month follow-up (T3). The two condi-
tions were: (1) an experimental condition with access to Stressbot – an 
intervention spanning seven days with the aim of enhancing coping self- 
efficacy delivered through a chatbot on Meta's Messenger, and (2) a 
waitlist control condition. 

The study was approved by the Ethical Review Board at SWPS Uni-
versity (opinion 35/2022 issued on May 13, 2022) and preregistered on 
ClinicalTrials.gov (NCT05500209). 

2.2. Power analysis 

To determine the required sample size, we conducted an a priori 
power calculation. Meta-analyses on internet interventions for stress 
reported effect sizes ranging from d = 0.19 to d = 0.78 (Amanvermez 
et al., 2022; Svärdman et al., 2022). A study comparing the effects of an 
experimental condition enhancing specific self-efficacy to an active 
control group reported an effect size of 0.49 (Cieslak et al., 2016). Since 
our intervention relied mainly on increasing self-efficacy but used a 
passive comparator, the effect size was expected to be similar or larger. 
A minimum effect size of d = 0.50 was therefore considered. Considering 
an alpha error level of 0.05, two conditions, and three measurement 
points, 240 participants were deemed to be necessary to achieve a power 
of 0.90. However, we recruited more participants as we expected a 
dropout rate of about 25 % (Linardon and Fuller-Tyszkiewicz, 2020). A 
post-hoc power analysis revealed that the final sample of 372 partici-
pants allowed us to preserve enough power to detect an effect size of d =
0.50 with up to 45 % attrition, or an effect as low as d = 0.28 when using 
multiple imputation. All power calculations were conducted using the 
powerlmm R package (Magnusson, 2019). 

2.3. Procedure 

Fig. 1 illustrates the study flow. The recruitment process was carried 
out between August and October 2022 via ads on Facebook. Specifically, 
the advertisements were targeted at Facebook groups for Polish uni-
versity students. Participants were first directed to an online form and 
asked to accept the participation terms and sign the informed consent. 
Those who agreed to participate were screened for inclusion criteria. 
That is, they had to: (1) be at least 18 years old, (2) be a university 
student, and (3) be a Messenger user. Eight hundred and eleven inter-
ested individuals completed the screening. Seven hundred and ninety- 
four were eligible for inclusion. Subsequently, 563 of them completed 
the registration process by consenting to be redirected to the Messenger 
chatbot (called Stressbot in this study) to complete the registration 
process. Afterwards, all participants were asked to fill out the baseline 
(T1) assessment. Those who failed to do so despite two notifications (n 
= 191) were excluded as they did not fulfill the inclusion criteria. The 
final sample size of N = 372 was then randomly assigned to one of the 
two conditions. Participants in the experimental condition were given 
access to the Stressbot intervention that lasted for 7 days. Those in the 
control condition were asked to wait for one week. Finally, all partici-
pants were asked to fill out the posttest measurement (T2), and one 
month later, the follow-up assessment (T3). Participants in the control 
condition were given access to the Stressbot intervention immediately 
after the T3 measurement. 
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2.4. Randomization procedure 

All participants were recruited before the study started. Block 
randomization with a 1:1 ratio and a block size of 2 was used. The trial 
was not blinded. Participants were aware of the possibility of being 
allocated to one of two conditions and the general purpose of the 
Stressbot intervention before enrollment. 

2.5. Stressbot intervention 

Stressbot (illustrated in Fig. 2) is a self-guided internet intervention 
aiming to reinforce coping self-efficacy to reduce stress and improve 
quality of life in university students. Coping self-efficacy, defined as a 
“person's confidence in his or her ability to cope effectively” (Chesney 
et al., 2006, p. 421), is an example of personal resources that, in line 
with the Conservation of Resources theory, is expected to improve stress 
and quality of life (Hobfoll, 1989). Coping self-efficacy-enhancing ex-
ercises are based on The Social Cognitive theory, in particular on 
increasing agency through mastery experiences (Bandura, 1997). The 
contents of each intervention day are described in Table 1. 

The seven-day program consisted of six daily exercises and a break of 
one day. Participants were informed that the exercises were designed to 
take a maximum of thirty minutes every day to complete. The exercises 
were delivered each morning through a notification from Meta's 
Messenger app. Each exercise consisted of a flow of messages designed 
specifically for each day. Stressbot asked its users questions to which 
they could reply via text, voice, or by tapping buttons. Stressbot's an-
swers were based on predetermined rules, and this fact was disclosed to 

the participants, which is in line with recent recommendations for using 
chatbots in psychological programs (Kretzschmar et al., 2019). 

2.6. Measures 

Three outcomes were assessed: coping self-efficacy, stress, and 
quality of life. 

2.6.1. Coping self-efficacy 
The Coping Self-Efficacy Scale (CSES; Chesney et al., 2006) consists 

of 26 items with responses ranging from 0 (cannot do at all) to 10 
(certain can do). A higher total score represents higher coping self- 
efficacy. Cronbach's alpha was 0.92 at T1, 0.95 at T2, and 0.95 at T3. 

2.6.2. Stress 
The Perceived Stress Scale (PSS-4; Cohen et al., 1983) consists of 4 

items describing the frequency of stress symptoms with a response scale 
from 0 (never) to 4 (very often). A higher total score represents higher 
perceived stress. Cronbach's alpha was 0.74 at T1, 0.80 at T2, and 0.81 at 

Fig. 1. Study flow.  

Fig. 2. A screenshot from the Stressbot intervention.  
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T3. 

2.6.3. Quality of life 
The questionnaire used to assess Quality of life was the Brunnsviken 

Brief Quality of Life Scale (BBQ; Lindner et al., 2016). The scale contains 
12 items regarding the subjective quality of life with a response range 
from od 0 (strongly disagree) to 4 (strongly agree). A higher total score 
represents higher quality of life. Cronbach's alpha was 0.75 at T1, 0.83 at 
T2, and 0.79 at T3. 

2.7. Statistical analysis 

First, we conducted a randomization check using chi-square and t- 
tests. Subsequently, we screened for missing data patterns with the 
Little's test and conducted a dropout analysis. To verify hypotheses 
regarding differences in outcome measures between the two conditions 
at T2 and T3, we built Linear Mixed Effects Models (LMEM) using lme4 R 
package separately for each outcome with the intention to treat (ITT) 
principle. Models were fitted with the bottom-up principle and consisted 
of an interaction of time (measurement point) and group (Stressbot or 
control) as fixed effects and a random intercept. Using different analysis 
approaches (e.g., multiple imputation or complete case analysis) can 
lead to various biases when data are missing (Magnusson, 2019; Sullivan 
et al., 2018). To overcome this challenge and to verify the robustness of 
the effects, we conducted two parallel analyses: (1) Multiple imputation 
(MI) – pooled analyses performed on 30 datasets multiply imputed with 
mice and mitml R packages and (2) Completers (C) – analysis on data only 
from participants who completed all three measurements. The effect 
sizes were calculated as M1 − M2 / SD pooled. Finally, to further test the 
robustness of the short-term effect (i.e., at T2) in the context of higher 
attrition in the intervention group, we conducted a sensitivity analysis 
comparing scenarios under which missing data represented worsening 
outcomes (Goldberg et al., 2021). All analyses were conducted with R 
version 4.1.2. 

3. Results 

3.1. Sample 

The sample (N = 372) consisted of 26.8 % (n = 96) social sciences 
students, 18.4 % (n = 66) medical major students, 16.8 % (n = 60) 
economical major students, 14.5 % (n = 52) humanities students, 7 % (n 
= 25) STEM students, 6.1 % (n = 22) technical major students, 6.1 % (n 
= 22) biological major students, and 4.2 % (n = 15) art students. Par-
ticipants' age ranged between 18 and 47 (M = 20.98, SD = 3.05). The 
sample consisted of 85 % (n = 304) women, 12.8 % (n = 46) men, and 
2.2 % (n = 8) other genders. 

3.2. Preliminary results 

3.2.1. Descriptive statistics 
Descriptive statistics are presented in Table 2. 

3.2.2. Randomization check and dropout analysis 
A randomization check confirmed no differences between 

participants in the intervention and control conditions for any of the 
outcomes or demographic measures. Study dropout, defined as the loss 
between T1 and T2 measurements, was 34.4 %. Out of 372 randomized 
participants, 244 (146 in control and 98 in experimental condition) 
completed the T2 assessment. To test for discrepancies between those 
who did and did not complete T2, we first conducted the Little's test 
(Little and Rubin, 2002). Although the data turned out to be missing 
completely at random (MCAR) (χ2 

73 = 88.60, p = .103), we conducted a 
dropout analysis due to the risk of differential attrition (i.e., significantly 
higher dropout in the intervention condition (Goldberg et al., 2021)). 
The analysis revealed no differences between completers and non- 
completers. However, significant differential attrition was confirmed: 
Non-completers were more likely to have been randomly assigned to the 
Stressbot condition than the control condition (χ2 

1 = 27.44, p < .001). 

3.2.3. Intervention adherence 
We calculated the adherence rate as the ratio of completed inter-

vention days to the total number of days. The completion of each day 
was assessed automatically via the chatbot system. The average daily 
adherence rate was 47 %. 

3.3. Hypotheses testing 

We report our findings in the form of two parallel analyses in order to 
test the robustness of the effects (see 2.7. Statistical analysis section). 
The results of Linear Mixed Effects Models are presented in Table 3. 

3.3.1. Coping self-efficacy 
No effect of time or group was found for coping self-efficacy either in 

the MI, or the C model (Table 3). However, the interaction between 
group and time at T2 was significant for both models; MI: (B = 0.55, SE 
= 0.15, 95 % CI [0.25, 0.84]) and C: (B = 0.49, SE = 0.17, 95 % CI [0.17, 
0.82]), indicating higher coping self-efficacy in the Stressbot condition 
immediately after the intervention. The effect size was moderate (d =
0.50 CI [0.29, 0.71]). At T3, the interaction was not significant in the MI 
model: (B = 0.31, SE = 0.17, 95 % CI [− 0.03, 0.65]), but was significant 
in the C model: (B = 0.40, SE = 0.17, 95 % CI [0.08, 0.73]), indicating 
that the effect was not robust. Therefore, the first hypothesis was 
partially confirmed. 

3.3.2. Stress 
Similar to coping self-efficacy, we did not find an effect of time or 

group on stress in any of the models (Table 3). The interaction between 
condition and time was significant for both parallel analyses at T2; MI: 
(B = − 0.36, SE = 0.11, 95 % CI [− 0.57, − 0.16]), and C: (B = − 0.32 SE 
= 0.12, 95 % CI [− 0.56, − 0.09]), demonstrating lower stress in the 
Stressbot group after the intervention. The effect size was small (d =
− 0.33 CI [− 0.13, − 0.53]). However, at T3 we found no interaction of 
group and time in any of the models for stress (Table 3). The second 
hypothesis was thus only partially confirmed. 

3.3.3. Quality of life 
On quality of life, we found no effect of group or time at T2 (Table 3). 

At T3, we found an effect of time in both models; MI: (B = 0.12, SE =
0.04, 95 % CI [0.04, 0.19]), and C: (B = 0.08, SE = 0.04, 95 % CI [0.01, 

Table 1 
Contents of daily exercises in Stressbot intervention.  

Day Exercise Description 

1 Mastery experience Recollecting past success with coping in a controllable situation 
2 Mastery experience Recollecting past success with coping in an uncontrollable situation 
3 New situations Anticipating future stressful situations in which recalled strategies can be helpful 
4 Barriers Anticipating barriers in using recalled strategies in new situations 
5 Overcoming barriers If-then approach: creating solutions to overcome barriers in new situations 
6 Break Summary of completed exercises 
7 Vicarious experience Recollecting others' successful coping experiences  
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0.15]), indicating an increase in quality of life with time. The effect size 
was small (d = 0.14 CI [0.00, 0.28]). However, we found no significant 
interaction of group and time either at T2 or T3 in either of the two 
models (Table 3). Therefore, the third hypothesis was not confirmed. 

3.4. Sensitivity analyses 

Although the short-term effect was robust to differences between the 
two analytical approaches, it can still be biased. This is because study 
dropout was higher in the Stressbot condition compared to the waitlist 
condition. As argued by Goldberg et al. (2021), a higher dropout in 
experimental conditions in internet interventions can result from par-
ticipants not benefitting from or even deteriorating due to the inter-
vention. If this is the case, the values in the experimental group that are 
unavailable due to attrition would represent worsening outcomes had 
they been recorded. This scenario violates the assumptions of MI, as it 
points to the missing-not-at-random missingness structure (Enders, 
2022). Moreover, the realization that those who drop out could in fact 
deteriorate altogether challenges the validity of the effect in light of the 
ITT principle even when not using MI. To address this uncertainty, we 
followed the guidelines of Goldberg et al. (2021) and compared 

outcomes of people who completed measures at T2 to scenarios in which 
the missing values represent outcomes that are 0.2, 0.5, and 0.8 SD 
worse than the mean residualized change score, as well as equal to the 
worst recorded outcome. Mann-Whitney U tests were conducted sepa-
rately in each scenario to compare pre- to post-intervention ranked 
mean residualized change scores between Stressbot and waitlist condi-
tions. The non-parametric tests were used to account for the influence of 
single-value imputation as suggested by Goldberg et al. (2021). Mean 
ranks alongside p values are available in Table 4. Graphs representing 
the comparisons are presented in Fig. 3. 

In the case of coping self-efficacy, the analysis showed improvement 
in the intervention condition when compared to the control condition in 
the completers' sample (W = 4096, p < .001). The effect persisted when 
the missing data was assumed to be 0.20 SD below the mean residual (W 
= 14,482, p = .006), but not in the 0.50 SD scenario (W = 15,874, p =
.161), or the 0.80 SD scenario (W = 17,138, p = .875). In the worst-case 
scenario, the effect reversed in favor of the control condition (W =
19,470, p = .032). For stress, the improvement demonstrated in the 
intervention condition compared to the control condition on the com-
pleters' sample (W = 9726, p < .001) persisted when missing values were 
assumed to be 0.20 SD above the mean residual (W = 20,358, p = .003) 

Table 2 
Means, standard deviations, and correlations for study variables.   

Measure M SD Range 1 2 3 4 5 6 7 8 9 10 

1 Coping self-efficacy T1 4.24 1.60 0–8.58 –          
2 Coping self-efficacy T2 4.39 1.79 0–9.27 0.78*** –         
3 Coping self-efficacy T3 4.61 1.77 0–9.62 0.70*** 0.81*** –        
4 Stress T1 2.20 0.84 0.25–4 − 0.58*** − 0.47*** − 0.43*** –       
5 Stress T2 2.09 0.85 0.25–4 − 0.46*** − 0.59*** − 0.55*** 0.50*** –      
6 Stress T3 2.12 0.89 0.25–4 − 0.37*** − 0.42*** − 0.60*** 0.46*** 0.59*** –     
7 Quality of life T1 2.78 0.55 0.75–4 0.61*** 0.56*** 0.53*** − 0.47*** − 0.35*** − 0.28*** –    
8 Quality of life T2 2.77 0.62 0.50–4 0.50*** 0.62*** 0.52*** − 0.40*** − 0.46*** − 0.32*** 0.74*** –   
9 Quality of life T3 2.86 0.57 0.50–4 0.52*** 0.55*** 0.67*** − 0.37*** − 0.43*** − 0.46*** 0.70*** 0.77*** –  
10 Age 20.98 3.05 18–47 0.05 0.17* 0.15* − 0.07 − 0.09 − 0.03 0.06 0.08 0.12 – 

Note. T1 – baseline, T2 – post-intervention, T3 – one-month follow-up; N = 372. 
* p < .05. 
*** p < .001. 

Table 3 
Results of linear mixed effects models.   

Multiple imputation (MI) Completers (C) 

Fixed effects estimate (SE) 95 % CI Random effect estimate Fixed effects estimate (SE) 95 % CI Random effect estimate 

Coping self-efficacy       
Intercept 4.16 (0.13) [3.91, 4.40]  2.28 4.20 (0.14) [3.93, 4.48]  2.00 
Time (T2) 0.01 (0.11) [− 0.21, 0.23]  − 0.05 (0.10) [− 0.25, 0.15]  
Time (T3) 0.14 (0.10) [− 0.05, 0.33]  0.16 (0.10) [− 0.04, 0.36]  
Stressbot group 0.18 (0.18) [− 0.17, 0.53]  0.35 (0.23) [− 0.11, 0.80]  
T2 * Stressbot 0.55 (0.15) [0.25, 0.84]  0.49 (0.17) [0.17, 0.82]  
T3 * Stressbot 0.31 (0.17) [− 0.03, 0.65]  0.40 (0.17) [0.08, 0.73]  

Stress       
Intercept 2.15 (0.06) [2.02, 2.27]  0.39 2.13 (0.07) [1.99, 2.28]  0.39 
Time (T2) 0.03 (0.07) [− 0.11, 0.18]  0.02 (0.07) [− 0.12, 0.17]  
Time (T3) 0.06 (0.07) [− 0.07, 0.19]  0.01 (0.07) [− 0.13, 0.15]  
Stressbot group 0.12 (0.09) [− 0.06, 0.30]  0.06 (0.12) [− 0.17, 0.30]  
T2 * Stressbot − 0.36 (0.11) [− 0.57, − 0.16]  − 0.32 (0.12) [− 0.56, − 0.09]  
T3 * Stressbot − 0.16 (0.11) [− 0.37, 0.06]  − 0.13 (0.12) [− 0.36, 0.10]  

Quality of Life       
Intercept 2.73 (0.04) [2.65, 2.82]  0.24 2.76 (0.05) [2.66, 2.85]  0.24 
Time (T2) − 0.02 (0.04) [− 0.10, 0.06]  − 0.01 (0.04) [− 0.08, 0.07]  
Time (T3) 0.12 (0.04) [0.04, 0.19]  0.08 (0.04) [0.01, 0.15]  
Stressbot group 0.10 (0.06) [− 0.02, 0.21]  0.13 (0.08) [− 0.03, 0.29]  
T2 * Stressbot − 0.01 (0.06) [− 0.12, 0.10]  − 0.01 (0.06) [− 0.13, 0.10]  
T3 * Stressbot − 0.03 (0.06) [− 0.15, 0.09]  − 0.06 (0.06) [− 0.17, 0.06]  

Note. (1) Multiple imputation (MI) – pooled analyses performed on 30 datasets multiply imputed with mice and mitml R packages and (2) Completers (C) – analysis on 
data only from participants who completed all three measurements; Time T2/T3 – estimates representing the change in an outcome for the entire sample at the given 
measurement point; Stressbot group – estimates representing the difference resulting from allocation to the experimental condition, not accounting for the time point; 
T2/T3 * Stressbot – estimates representing the change in outcome value for participants in the Stressbot condition on the given measurement point. 
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and 0.50 SD above the mean residual (W = 19,318, p = .047). In the 0.80 
SD scenario, the differences between groups disappeared (W = 17,736, 
p = .668), and eventually marginally switched in the worst-case sce-
nario, demonstrating lower stress in the control group (W = 15,179, p =
.037). For quality of life, there were no differences between groups on 
the complete-case sample (Table 4). This lack of effect remained until 
the 0.80 SD scenario when the control group eventually became favored 
(W = 19,445, p = .035). This was preserved in the worst-case scenario 
(W = 12,729, p < .001). The sensitivity analysis, therefore, showed that 
the short-term improvement in stress was robust to the MNAR missing 
data pattern resulting from higher attrition in the Stressbot group both 
when the unobserved data was assumed to deviate from the observed to 
small and moderate degrees. For coping self-efficacy, the robustness was 
shown only under the small deviation scenario. For quality of life, the 
lack of effect remained robust until a large deviation. 

4. Discussion 

This trial aimed to assess whether an internet intervention delivered 
with a chatbot on a widely adopted social media messaging platform, 
Meta's Messenger, would be effective. To test this, we conducted a 

randomized controlled trial assessing the efficacy of Stressbot – a low- 
effort intervention focused on enhancing coping self-efficacy to reduce 
stress and improve quality of life in university students. We found that 
participants who were assigned to the intervention condition reported a 
moderate increase in coping self-efficacy compared to those assigned to 
the control group but only immediately after the intervention. At a one- 
month follow-up, a significant between-groups difference was identified 
for only one of the analytical approaches that we applied. This means 
that the follow-up effect was not robust. Thus, there was only a short- 
term improvement in coping self-efficacy. Similarly, a small between- 
groups effect for stress was found only immediately after the interven-
tion, and not the follow-up. Lastly, we did not find significant differences 
between conditions on quality of life at any of the measurement points. 
Because the short-term effects in both coping self-efficacy and stress 
were consistent in both analyses (i.e., Multiple Imputation and Com-
pleters), they were robust to biases associated with each method. 
Furthermore, since these improvements were shown to be persistent 
even when the missing data was assumed to represent worsening out-
comes, the overall short-term effect of the intervention can be consid-
ered robust. The increase in coping self-efficacy and reduction of stress 
might indicate that self-efficacy was the mechanism behind these 

Table 4 
Sensitivity analyses.   

Coping self-efficacy Stress Quality of life 

Sample Mean rank (SD) SE p value Sample Mean rank (SD) SE p value Sample Mean rank (SD) SE p value 

Stressbot             
Completers 98 145.44 (71.20) 7.19  <.001 102 104.15 (74.47) 7.37  <.001 98 124.02 (69.57) 7.03  .784 
Worst 186 174.82 (116.39) 8.53  .032 186 197.89 (117.20) 8.59  .037 186 211.06 (104.98) 7.70  <.001 
0.20 SD 186 201.64 (97.09) 7.12  .006 186 170.05 (98.42) 7.22  .003 186 180.85 (94.43) 6.92  .301 
0.50 SD 186 194.16 (101.19) 7.42  .161 186 175.64 (100.95) 7.40  .047 186 177.06 (95.88) 7.03  .084 
0.80 SD 186 187.36 (106.07) 7.78  .875 186 184.15 (106.21) 7.79  .668 186 174.96 (97.13) 7.12  .035 

Waitlist             
Completers 146 107.10 (66.05) 5.47  148 140.22 (67.17) 5.52  146 121.48 (71.47) 5.91  
Worst 186 198.18 (91.65) 6.72  186 175.11 (91.39) 6.70  186 161.94 (99.93) 7.33  
0.20 SD 186 171.36 (111.16) 8.15  186 202.95 (110.17) 8.08  186 192.15 (115.16) 8.44  
0.50 SD 186 178.84 (109.02) 7.99  186 197.36 (109.28) 8.01  186 195.94 (113.45) 8.32  
0.80 SD 186 185.64 (104.84) 7.69  186 188.85 (105.25) 7.72  186 198.04 (111.99) 8.21  

Note. Worst – model assuming missing values to represent the worst recorded outcome; 0.20 SD, 0.50 SD, 0.80 SD - models assuming missing values to represent 
progressively worsening outcomes (e.g., 0.20 SD worse than the mean residual). Although the test is based on the sum of ranks, mean ranks for each group are 
presented for interpretation. Lower mean ranks represent better results for stress, while higher ranks represent better results for coping self-efficacy and quality of life 
when comparing the two groups under different assumptions; the mean ranks are non-standardized, and therefore should not be compared between different 
assumptions. 

Fig. 3. Sensitivity analyses. 
Note. Graphs illustrate sensitivity analyses representing situations in which the missing data would represent worsening outcomes for each of the outcome measures 
between T1 and T2; Comp – completers; Worst – worst-case-scenario assuming missing values to be equivalent to the worst observed outcome; 0.2, 0.5, 0.8 – 
conditions in which missing data represents progressively worsening outcomes; Lower mean ranks represent better results for stress, while higher ranks represent 
better results for coping self-efficacy and quality of life when comparing the two groups in different scenarios; The mean ranks are non-standardized, and therefore 
should not be compared between different assumptions; Error bars represent SE; 
* p < .05, ** p < .01, *** p < .001. 
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positive intervention effects. However, this is only speculation, since we 
did not test this process directly due to the methodological challenges 
associated with using mediation analyses for assessing causal relation-
ships in randomized trials (Imai et al., 2013). 

The immediate improvements in coping self-efficacy and stress were 
weaker than in previous self-efficacy-enhancing interventions (Cieslak 
et al., 2016; Rogala et al., 2016). Yet, these small effect sizes are in line 
with meta-analyses of internet interventions for stress reduction 
directed at university students (e.g., Amanvermez et al., 2022). Impor-
tantly and contrary to previous findings (e.g., Cieslak et al., 2016; 
Rogala et al., 2016), the effects of the Stressbot intervention did not 
persist until the follow-up. Moreover, although the intervention 
improved self-efficacy and stress, there was no improvement in quality 
of life. One explanation is that participants entered the study with 
already high baseline quality of life levels (M = 2.78, SD = 0.55, range =
0–4), as Stressbot was directed at a healthy population of students with 
no entry criteria regarding the levels of outcome variables. 

The lack of effect at follow-up and lower-than-expected adherence 
rate (i.e., 47 %) might indicate that Messenger and similar apps are not 
viable means to deliver self-guided internet interventions. Yet, since the 
post-test effects were identified, we argue that the shortcomings are due 
to the current features of Stressbot itself. Namely, our implementation of 
a chatbot interface for a text-based intervention could have been 
insufficiently engaging. This could be because the interactions were 
limited to pressing buttons and text input was restricted to answering 
the bot's questions. Moreover, the daily activities could potentially still 
have been too time-consuming, which, combined with the text format, 
could have potentially led to low engagement and high dropout. Finally, 
the contents of the intervention focused mostly on enhancing mastery 
experiences to improve self-efficacy whereas it is likely important to also 
include other forms of increasing agency, as has been done previously in 
similar trials (e.g., Cieslak et al., 2016; Smoktunowicz et al., 2021). 

4.1. Limitations and future directions 

Some limitations of this study should be noted. First, it lacks a 
comparison with an active condition. We tested Stressbot in comparison 
to a waitlist control because we aimed to test whether using the 
Messenger app would be a viable delivery option to begin with, espe-
cially in light of conflicting results of previous chatbot-delivered in-
terventions (Fitzpatrick et al., 2017; Greer et al., 2019). Yet, the 
necessary next step is to test whether it would be at least as effective as 
other successful interventions but at the same time more likely to be 
uptaken due to its user-friendliness. Furthermore, it is important to note 
that in our trial participants were not blind to their condition, which 
could have influenced results through a desirability bias. Specifically, 
those in the Stressbot condition could have potentially presented higher 
coping self-efficacy and lower stress at post-test due to the expectation of 
the intervention effect rather than a change in their self-efficacy beliefs. 
The way in which we measured adherence could also be refined. It was 
measured automatically upon completing each exercise and so we did 
not analyze the content of the responses. Moreover, we did not assess 
engagement by tracking metrics such as login frequency, duration of 
interactions, or points at which users disengage. Another limitation of 
this trial is that although we did use participants' insights from previous 
internet interventions that were created to enhance self-efficacy, we did 
not use a participatory approach when developing this particular pro-
gram. Finally, the efficacy of Stressbot does not mean that this accessible 
format of delivering interventions is suitable for every case. While we 
showed the effects of this brief intervention intended for a general 
population of university students, the low-effort format could produce 
effects too weak for clinical use. 

Future studies should further evaluate the potential for low-effort 
chatbot-delivered interventions by focusing on investigating engage-
ment. Factors such as the number and duration of interactions, or the 
dropout point could be of interest. Furthermore, to develop the optimum 

low-effort intervention, a complex user-centric approach should be used. 
This could take the form of including participants in codesigning and 
evaluating the intervention. Studies should also employ strategies to 
make chat-based interactions more engaging. The use of voice- or 
picture-based input are some obvious enhancements. Additionally, in 
light of the recent advancements in AI, such as the introduction of Open 
AI's Chat GPT, it is clear that in the future, psychological internet in-
terventions will eventually implement AI, but should be done with 
caution (Boucher et al., 2021; Carlbring et al., 2023). More exercises or 
boosters should also be considered to enhance the efficacy of similar 
interventions. Yet, this could challenge the intended low-intensity 
format. Perhaps two divergent directions for future low-effort in-
terventions exist: either focusing on longer, more intensive programs but 
with an easy-to-use format, or conversely, on short but more engaging 
interventions. The former would focus on building long-term effects, 
while the latter could be used as short-term, in-the-moment help. 

5. Conclusions 

In sum, the results of this study confirm that an internet intervention 
can be successfully delivered with a chatbot on a popular social media 
app – Meta's Messenger. Although Stressbot produced a smaller effect 
than similar interventions, it offered a promising delivery design that 
required less effort and was less time-consuming for participants. 
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