Supplementary Information C: Narrative summaries
Chatbots
Bickmore et al conducted a 4-armed RCT in the US with 122 adults contemplating more exercise and eating healthier (study dates not reported, 61% female, mean age: 33 years, mean body mass index [BMI]: 28 kg/m2, all participants exercised for at least 30 minutes per day, 5 days a week) to estimate the effectiveness of an animated conversational agent (chatbot) that used declarative knowledge and procedures to promote physical activity, intake of fruits and vegetables, or both, compared with no chatbot for improving daily step counts over 2 months (13). The chatbot used procedural knowledge encoded in a hierarchical task decomposition language in daily conversations with participants. Step counts were measured with a pedometer. 

There was little evidence the chatbot promoting physical activity increased daily step counts compared with no chatbot at 2 months (difference in change in daily step count: 9.3 steps, 95% confidence interval [CI]: -8.6 to 27.2 steps, p=0.31).


Caso et al conducted a 4-armed RCT in Italy in 2019 with 171 university students (74% female, mean age: 20 years, mean number of days spent walking at least 10 mins over the last week at baseline: between 5.24 and 5.79) to estimate the effectiveness of a chatbot delivering health or well-being messages, both with an app for self-monitoring, compared with self-monitoring alone or nothing for improving walking activity over 60 days (34). The chatbots were delivered daily through Facebook Messenger, and “simulated interactive human conversation by using pre-set phrases and text-based signals” (no further information provided). The health chatbot gave messages about the physical health benefits of walking 7,000 steps a day, whereas the well-being chatbot gave messages about the psychological benefits of walking 7,000 steps a day. Self-monitoring involved logging daily step counts from a smartphone app. Walking activity was self-reported using the International Physical Activity Questionnaire (IPAQ).

There was evidence that the health chatbot and self-monitoring increased walking activity compared with no chatbot or self-monitoring at 60 days (mean number of days with at least 10 minutes of walking over previous week: 6.00, SD: 1.41 for chatbot, 5.07, SD: 1.6 for no chatbot, p=0.03). However, there were no statistically significant differences when comparing any other groups.


Collombon et al conducted a 4-armed RCT in the Netherlands between 2021 and 2022 with 954 adults aged 50 years or older (86% female, mean age: 59 years, mean BMI: 28 kg/m2, mean objective moderate to vigorous physical activity per week at baseline: 239 minutes) to estimate the effectiveness of Active Plus or I Move with either a chatbot, an activity tracker, or an ecological momentary intervention, compared with assessment only for increasing physical activity over 6 months (35, 47-50). Participants were randomised to Active Plus or I Move equally in the intervention groups, and both interventions were computer-tailored interventions to improve physical activity (3 online physical activity advices tailored to personal characteristics for Active Plus, 4 online text- and video-based sessions for I Move). The chatbot included 2 apps for messages and step-counts, which provided personalised walking messages generated based on contextual data gathered from the apps (including step counts and weather conditions), using adaptively learning algorithms and with a frequency dictated by tailoring algorithms. Only the chatbot was AI-assisted, so results for the activity tracker and ecological momentary intervention groups are not presented. Physical activity was measured with an accelerometer (triaxial ActiGraph) and self-reported using the short questionnaire to assess health-enhancing physical activity.

There was little evidence that Active Plus or I Move with a chatbot increased objective physical activity compared with assessment only at 6 months (difference in weekly minutes of moderate to vigorous physical activity: 11.74, 95% CI: -34.09 to 57.57, p=0.62), with similar results for self-reported physical activity at 3 and 6 months. There were no statistically significant interactions with gender, age, or education level.


Oh et al conducted an RCT in the US between 2023 and 2024 with 36 inactive adults (75% female, mean age: 21 years, mean daily step count at baseline: 4,059 steps) to estimate the effectiveness of the Exerbot app with a relational or non-relational chatbot for increasing step counts over one week (14). The Exerbot chatbot comprised a topic proposer, which used predefined templates designed to improve physical activity, and a dynamic response generator, which comprised a generation-based model and a retrieval-based question handler. The generation-based model generated plausible and natural responses to user inquiries using Blender (conversational generation model trained on large amounts of human-human conversation data, fine-tuned with 105 transcripts of in-person physical activity counselling sessions). The question handler was built with a database to address the most frequently asked questions related to physical activities. Responses from the topic proposer and response generator were combined into single responses. The relational chatbot included 5 relational cues incorporated into daily chat sessions: (1) social dialogue, (2) self-disclosure about the chatbot's experiences and corresponding feelings related to the daily educational content, (3) empathy, (4) meta-relational communication, and (5) humour. The non-relational chatbot did not include relational cues. The Exerbot app also included educational counselling sessions to encourage physical activity, and daily and weekly step counts. Step counts were measured with smartphone pedometers. We considered this trial to have only some concerns of bias.

There was evidence the Exerbot relational chatbot slightly increased daily steps compared with the Exerbot non-relational chatbot at one week, though the results were imprecise (difference in change in daily step count = 301, 95% CI: -2 to 604, p=0.052).


Persell et al conducted an RCT in the US between 2017 and 2019 with 333 adults with high blood pressure (61% female, mean age: 59 years, mean BMI: 32 kg/m2, mean self-reported minutes per week of at least moderate exercise: between 159 and 173 minutes) to estimate the effectiveness of a blood pressure coaching app with a chatbot compared with a blood pressure tracking app for improving physical activity over 6 months (36, 51). The coaching app included a "fully automated AI" that used cognitive behavioural therapy techniques to provide support and coaching across several domains (exercise, blood pressure measurements, informing clinicians about outlier measurements, adherence to medications, educational content, weight loss, diet, sleep) to promote self-management of blood pressure. The tracking app just tracked blood pressure over time. Both interventions included a home blood pressure monitor. Physical activity was self-reported.

There was some evidence the coaching app slightly increased minutes per week of at least moderate exercise compared with the tracking app at 6 months, though results were imprecise (mean change: 5.1 minutes for the coaching app, -16 minutes for the tracking app; mean difference = 26.7 minutes, 95% CI: -5.4 to 58.8 minutes, p=0.1).



Recommender systems, reinforcement learning, machine learning, and case-based reasoning
Aguilera et al conducted a 3-armed RCT in the US between 2020 and 2022 with 195 adults with diabetes and depression (62% female, mean age: 49 years, mean daily step count at baseline: between 2,277 and 3,701 steps) to estimate the effectiveness of the DIAMANTE app with daily adaptive messages, random messages, or no messages for improving daily step counts over 24 weeks (37, 52-55). Adaptive messages comprised daily motivational and feedback messages chosen from a bank by a reinforcement learning algorithm (Thompson sampling), while random messages comprised daily motivational and feedback messages chosen from a bank randomly. All participants received weekly messages inquiring about their mood. Step counts were taken from Google fit, Apple HealthKit, or built-in smartphone pedometers.

There was evidence adaptive messages increased daily step counts at 24 weeks (mean increase: 606 steps; 19% increase in steps; 3.6 additional steps per day) more than either random messages (mean increase: 59 steps; 1.6% increase in steps; 0.35 additional steps per day; p value for comparison < 0.001) or no messages (mean increase: 136 steps; 3.9% increase in steps; 0.81 additional steps per day; p value for comparison = 0.001).


Carrasco-Hernandez et al conducted an RCT in Spain between 2016 and 2018 with 240 adult smokers who desired to stop smoking (49% female, mean age: 50 years, mean BMI: 27 kg/m2) to estimate the effectiveness of the Social-Local-Mobile (So-Lo-Mo) app plus usual therapy compared with usual therapy for increasing physical activity, as well as stopping smoking, over 12 months (15). The So-Lo-Mo app included an AI recommender system designed to learn from patient interests through their interactions with the app to: (1) determine, personalize, and send short, simply motivational messages (up to 150 across the trial); (2) schedule the message delivery frequency; and (3) calculate the most convenient time to send a motivational message. The app also had a user profile linked to physical activity, 4 smoking cessation benefit indicators (savings, smoke-free days, regained life hours by not smoking, and number of non-smoked cigarettes since quitting), text-based information about smoking cessation, and a section containing relaxing and distracting elements (breathing exercises and minigames). Usual therapy included bupropion or varenicline and 8 behavioural therapy sessions during face-to-face follow-up consultations. Physical activity was self-reported using the IPAQ.

There was little evidence the So-Lo-Mo app increased physical activity at 12 months (improved IPAQ: 25.5% for So-Lo-Mo, 24.4% for usual therapy; no change in IPAQ: 60.8% for So-Lo-Mo, 66.7% for usual therapy; worsening IPAQ: 13.7% for So-Lo-Mo, 8.9% for usual therapy; p value for comparison across IPAQ changes = 0.73), with similar results at 6 months.


Coppens et al conducted an RCT in Belgium with 81 adults who did not do 150 minutes of moderate physical activity per week but wanted to do more (study dates not reported, sex not reported, age: between 18 and 44 years) to estimate the effectiveness of an app that generated personalised recommendations with and without a recommender system for improving physical activity and reducing sedentary behaviour over 6 months (38). The app generated personalised recommendations for physical activity and tips using 7 steps: (1) an initial filter based on the user’s profile, (2) a first contextual pre-filter based on the current weather and daylight, (3) a second contextual pre-filter based on the user’s current mood and motivation, (4) the content-based recommender system, (5) a contextual post-filter based on the estimated current situation of the user, (6) a gradual increase algorithm that increases the physical activity duration and intensity, and (7) generating five adaptive notifications per day using just-in-time adaptive interventions, followed by feedback loops. The app without the recommender system implemented steps 1, 2, 6 and 7 (omitting the recommender system in step 4). Physical activity was self-reported using the European Health Interview Survey-Physical Activity Questionnaire (EHIS-PAQ), and sedentary behaviour was self-reported using the Sedentary Behavior Questionnaire (SBQ).

There was little evidence the addition of the recommender system increased moderate to vigorous physical activity (Cohen’s f = 0.19, p>0.05) or any physical activity (Cohen’s f = 0.42, p>0.05) at 8 weeks, with similar results at 6 months, although results were extremely imprecise.


Coppens et al conducted an RCT in Belgium with 88 adults who did not do 150 minutes of moderate physical activity per week but wanted to do more (study dates, age, and sex not reported) to estimate the effectiveness of an app that generated personalised recommendations using a content-based or collaborative filter-based recommender system for improving physical activity over 6 months (16). The app with the content-based recommender system was identical to the one used in (38). The app with the collaborative filter-based recommender system replaced step 4 with a system that used 10 nearest neighbours on rating similarity to suggest new items. Physical activity was self-reported using the EHIS-PAQ.

There was no evidence for any differences between the content-based and collaborative filter-based recommender systems for any physical activity at 8 weeks (p>0.05) or moderate to vigorous physical activity at 8 weeks or 6 months (p>0.05), with no further results presented.


Hassoon et al conducted a 3-armed RCT in the US with 45 overweight or obese adults with a history of breast, prostate, colon, lung, cervical, oral, or melanoma cancer who had completed cancer treatment (study dates not stated, 90% female, mean age: 62 years, mean BMI: 33 kg/m2, mean daily step count as baseline: between 4,847 and 5,684 steps) to estimate the effectiveness of MyCoach (an on-demand AI coaching using an interactive digital voice assistant) compared with SmarText (an autonomous, data-driven smart text messaging), or a National Cancer Institute (NCI) publication about the benefits of physical activity for cancer survivors for increasing daily step counts over 4 weeks (39, 58, 59). MyCoach comprised Amazon Echo or Alexa smart speakers and a reinforced recommendation system with language processing. Specifically, participants spoke their intent to the speaker, Alexa AI analysed the intent and forwarded this to the MyCoach AI agent, which processed the request using sensor data (among other data) and generated an output response, which Alexa AI translated to a voice response (unsupervised goal base model with a reward condition). SmarText was a recommendation system, which selected and modified message content considering participant variables for 3 daily messages (supervised goal-based model). All interventions recommended 10,000 steps per day. Step counts were measured with pedometers (Fitbit Charge 2 HR). We considered this trial to have only some concerns of bias.

There was evidence MyCoach increased daily steps at 4 weeks compared with SmarText (mean change in daily steps: 3,618 for MyCoach, 1,619 for SmarText, mean difference = 2,161 steps, 95% CI: 11 to 4,310, p=0.049) and the NCI publication only (mean change in daily steps: 3,618 for MyCoach, 886 for the publication, mean difference = 3,569 steps, 95% CI: 1,483 to 5,655, p=0.001), and some evidence SmarText may have increased daily steps compared with the NCI publication only, though this was imprecise (mean difference = 1,408 steps, 95% CI: -1,312 to 4,128, p=0.30).


Marcuzzi et al conducted a 3-armed RCT in Norway between 2020 and 2021 with 294 adults with neck or lower back pain (59% female, mean age: 51 years, mean BMI: 27 kg/m2) to estimate the effectiveness of the SELFBACK app compared with an e-help website or usual care for increasing physical activity over 6 months (40, 60). The SELFBACK app was a decision support system supporting self-management of nonspecific low back pain, and providing advice on physical activity level, strength and flexibility exercises, and educational content. It used case-based reasoning to tailor suggestions. The e- e-Help website offered support and advice on self-management of neck and low back pain, accessible at any time, and comprised a home page, educational messages, videos and descriptions of strength and flexibility exercises, and additional resources and educational tools (this mirrored the content of the SELFBACK app, with no individual tailoring). Both the SELFBACK app and the e-help website were in addition to usual care, which comprised clinical examination and the offer of suitable treatments. Physical activity was self-reported using the Saltin-Grimby Physical Activity Level scale. The SELFBACK app was also used in Sandal 2021 (43).

There was little evidence the SELFBACK app increased the odds of improving self-reported moderate or vigorous exercise on the Saltin-Grimby Physical Activity Level scale compared with the e-help website or usual care at 3 months (OR comparing SELFBACK with usual care = 1.21, 95% CI: 0.64 to 2.31; OR comparing SELFBACK with e-help = 0.77, 95% CI: 0.41 to 1.45), or 6 months (OR comparing SELFBACK with usual care = 0.59, 95% CI: 0.28 to 1.23; OR comparing SELFBACK with e-help = 0.47, 95% CI: 0.22 to 0.97).


Nakata et al conducted an RCT in Japan between 2020 and 2021 with 141 adults (26% female, mean age: 43 years, mean daily minutes of moderate to vigorous physical activity at baseline: between 60 and 65 minutes) to estimate the effectiveness of the CALO mama Plus app compared with no app for increasing daily step counts and physical activity over 3 months (41, 61). The CALO mama Plus app was a healthcare app that generated advice using AI (not reported what kind, but the AI could reportedly generate approximately 200 million advice patterns) to encourage weight loss, using daily information uploaded about weight, diet, exercise, mood, and sleep quality. The app also used AI to support accurate recording of meals by detecting photos taken by users. All participants were given weight scales and accelerometers. Step counts and physical activity were measured with the accelerometers. We considered this trial to have only some concerns of bias.

There was some evidence the CALO mama Plus app increased daily step counts (mean difference = 922 steps, 95% CI: -21 to 1,865 steps, p=0.055) and slightly increased daily moderate to vigorous physical activity (mean difference = 6.8 minutes, 95% CI: -1.6 to 15.2 minutes, p=0.11) compared with no app at 3 months, though the results were imprecise, and both groups had on average lower steps counts and time spent in moderate to vigorous physical activity over time.


Rabbi et al conducted an RCT in the US with 17 people with an interest in fitness (study dates not stated, 47% female, mean age: 28 years) to estimate the effectiveness of the MyBehaviour app with suggestions generated with reinforcement learning compared with generic suggestions for increasing daily walking over 3 weeks (42). The MyBehaviour app included physical activity tracking, food logging, life-log generation, physical activity and food clustering, and suggestion generation aimed at increasing physical activity and reducing food intake. The suggestions generated with reinforcement learning used a multi-armed bandit framework that learned from participants' logged and observed behaviours. Both groups had 10 physical activity suggestions per day for 2 weeks, as well as suggestions about diet. Walking was recorded by the app using the smartphone accelerometer. 

There was evidence the MyBehaviour app with reinforcement learning suggestions slightly increased minutes of daily walking compared with the MyBehaviour app with generic suggestions at 3 weeks (mean difference = 10 minutes, 95% CI: -0.23 to 19.05 minutes, p=0.055).


Sandal et al conducted an RCT in Denmark and Norway between 2019 and 2020 with 461 adults with non-specific lower back pain (55% female, mean age: 48 years, mean BMI: 28 kg/m2, sedentary on Saltin-Grimby Physical Activity Level scale: 7%) to estimate the effectiveness of the SELFBACK app compared with usual care for increasing physical activity over 9 months (43, 62-75). The SELFBACK app was a decision support system supporting self-management of nonspecific low back pain, and provided advice on physical activity level, strength and flexibility exercises, and educational content. The app also used step-count and weekly questionnaire data to tailor weekly physical activity plans and physical activity advice through case-based reasoning. Physical activity was self-reported using the Saltin-Grimby Physical Activity Level scale.

There was little evidence the SELFBACK app increased the odds of improving self-reported moderate or vigorous exercise on the Saltin-Grimby Physical Activity Level scale compared with usual care at 3 months (OR = 0.86, 95% CI: 0.60 to 1.23) or 9 months (1.17, 95% CI: 0.79 to 1.75).


Yom-Tov et al conducted an RCT in Israel with 27 people with type 2 diabetes who did not perform regular physical activity (study dates not stated, 45% female, mean age: between 55 and 59 years, all participants had no regular physical activity) to estimate the effectiveness of text messages promoting physical activity using reinforcement learning compared with text messages reminding participants to exercise for increasing daily walking time over 26 weeks (44, 76). Text messages promoting physical activity were selected by nonchanging expert-generated rules for 3 months, then selected by an automatic reinforcement learning algorithm and delivered 1 to 7 times a week for 3 months. The reinforcement learning algorithm, described as a "contextual bandit", used activity attributes, demographics, and feedback to select the predicted most effective messages, and was run daily. Text messages reminding participants to exercise were delivered weekly. All participants all were given a personal exercise plan. Step counts were measured with smartphone pedometers. 

There was evidence the reinforcement learning text messages slightly increased daily walking time compared with reminder text messages at 4 weeks (mean change in minutes of walking per day over time: 0.012, 95% CI: 0.08 to 0.016 for reinforcement learning text messages, -0.004, 95% CI: -0.008 to -0.00008 for reminder text messages, p value for comparison = 0.00002).


Zhou et al conducted an RCT in the US in 2016 with 64 staff at a university who intended to become physically active (83% female, mean age: 41 years, mean BMI: 27 kg/m2, mean daily steps at baseline: 7,326) to estimate the effectiveness of the CalFit app with personalised step goals compared with the CalFit app with constant step goals for increasing step counts and physical activity over 10 weeks (45). The CalFit app tracked daily step counts and provided morning and evening notifications. The personalised step goals were created with a behavioural analytics algorithm (machine learning) that used previous data about a participant to set daily step count goals each week, based on a prediction of the number of steps in the next week and using step goals to maximise steps in the future. The constant step goal was set at 10,000 daily steps. Step counts were measured using smartphones. We considered this trial to have only some concerns of bias.

There was evidence the personalised step goals increased step counts compared to constant step goals at 10 weeks, although both groups walked less over time and results were imprecise (mean difference = 960, 95% CI: 90 to 1,830, p=0.03). There was little evidence of changes to minutes per day doing vigorous physical activity (mean difference = 1.1 minutes, p=0.52), moderate physical activity (mean difference = -0.7 minutes, p=0.23), walking (mean difference = 2.7 minutes, p=0.41), or hours per day sitting (mean difference = 1.1 hours, p=0.32).


Zhou et al also conducted an RCT in the US in 2017 with 13 students at a university who intended to become physically active (77% female, mean age: 22 years, mean daily steps at baseline: 6,163) to estimate the effectiveness of the CalFit app with personalised step goals compared with the CalFit app with constant step goals for increasing step counts over 10 weeks (46). All details about the intervention were the same as in Zhou 2018 above (45). We considered this trial to have only some concerns of bias.

There was evidence the personalised step goals increased step counts compared to constant step goals at 10 weeks, though results were imprecise (mean difference = 2,220, 95% CI: 100 to 4,480, p=0.039).

