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Abstract
Background: While digital innovation, including chatbots, offers a potentially cost-effective means to scale public health
programs in low-income settings, user engagement rates remain low. Barriers to participant engagement (eg, perceived
difficulty of use, busyness, low levels of digital literacy) may exacerbate inequality when adopting digital-only interventions as
alternatives to in-person programs.
Objective: This cross-sectional study nested within a 2×2 clustered factorial trial that followed the Multiphase Optimization
Strategy principles investigated the relationship between behavioral determinants (ie, human and socioeconomic characteristics
that facilitate the use of digital health interventions [DHIs]) and caregiver intention to use a digital public health intervention,
ParentText, an open-source, rule-based parenting chatbot designed to promote positive parenting, improve adolescent health,
and reduce risky behaviors.
Methods: Caregivers of adolescent girls (10‐17 years; N=1034 caregivers) were recruited by implementation partners from a
community-wide project aimed at HIV prevention in two districts of Mpumalanga, South Africa. A Digital Health Engagement
Model was adapted from the technology acceptance model, the PEN-3 model theoretical frameworks, and the Theory of
Planned Behavior to investigate the relationship between behavioral determinants and the intentions of caregivers to engage
in ParentText. Community facilitators administered baseline surveys to caregivers during intervention onboarding. Regression
models tested associations between behavioral determinants (ie, perceived ease of use, perceived usefulness, attitude, hedonic
motivation, habit, price value, and social influence) and intentions of caregivers to use the parenting chatbot. Interaction effects
were explored to examine whether individual-level sociodemographic and psychosocial characteristics moderate associations
between overall behavioral determinants and intentions to use the chatbot.
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Results: Caregivers reported a mean of 2.85 (SD 0.79) and 2.90 (SD 0.72) out of a maximum score of 4 regarding their
intention to use their mobile data and to continue using ParentText in the future, respectively. Overall behavioral determinants
predicted by 76% (odds ratio 1.76, 95% CI 1.72‐1.81) the intentions of caregivers to spend mobile data and by 85% (odds ratio
1.85, 95% CI 1.81‐1.90) their intentions to use ParentText in the future. Moderator analysis suggested the interaction effects of
age, paternal absence, financial efficacy, and stress on the relationship between overall behavioral determinants and intention
outcomes.
Conclusions: This is the first known study to investigate the associations between overall behavioral determinants and
participant intentions to use a parenting chatbot in a low-income setting. This study identifies behavioral determinants of
engagement for improved delivery of DHIs, considering the need to provide low-cost, scalable parenting support through
digital platforms that engage parents, especially those in low-income contexts. Future research should explore methods to
investigate mechanisms that regulate behavior to enhance the development of DHIs.
Trial Registration: Open Science Framework (OSF); https://doi.org/10.17605/OSF.IO/WFXNE
International Registered Report Identifier (IRRID): RR2-10.2196/52145

JMIR Pediatr Parent 2025;8:e76992; doi: 10.2196/76992
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Introduction
Background
Research demonstrates the benefits of delivering public
health interventions through digital platforms. In recent
years, chatbots have been used to address structural bar-
riers to accessing evidence-based interventions delivered
through in-person programs [1,2], with increasing evidence
suggesting their effectiveness in improving a range of health
and behavioral outcomes, including mental well-being [3],
supporting weight loss [4,5], and positive parenting practices
[6]. While digital innovation offers a potentially cost-effec-
tive means to deliver public health programs at scale within
low-income settings, user engagement rates are typically low
[7]. Some of the identified critical barriers to participant
engagement in digital interventions include the difficulty
of use, lack of culturally adapted content (including human-
like illustrations), low levels of digital literacy, and socioeco-
nomic disadvantage—all of which can potentially exacerbate
inequality when adapting digital alternatives from in-person
programs [6,8,9].

Engagement in digital health interventions (DHIs) is
theorized to be influenced by various factors or behavioral
determinants. These include enjoyment, motivation, aesthetics
and design, personal relevance, and ease of use [10,11].
We define “Behavioral Determinants of Engagement” as
any factor characterized by attitudes, ideologies, and belief
systems of the individual and the socioeconomic environment
that influences the use of digital applications for behavior
change. Even though behavioral determinants of health have
been broadly studied and have been shown to influence
behavior change [12,13], there is a gap in understanding
the role of behavioral determinants on engagement in DHIs
implemented in low- and middle-income country settings.
The study of behavioral determinants in DHIs provides
a broader approach to investigating the pathways leading
to engagement by helping to identify individual and soci-
etal characteristics, such as socioeconomic status, sex, age,
and geographic location, that may facilitate users’ uptake.

Previous studies have evaluated user acceptance of DHIs by
investigating participants’ (1) intention to use [14] and (2)
engagement (ie, actual use) of the health technology [15].
Although actual engagement may suggest user acceptance
of DHIs, understanding predictors of intention to use is
an important predecessor of engagement in many behavior
change theoretical models.
Measuring the Behavioral Determinants
of Engagement
We combined the following models to develop a Digital
Health Engagement Model (DHEM) that uses a multile-
vel approach to study how behavioral determinants predict
intention as well as moderate the relationship between
intention to use and engagement with DHIs: the Theory of
Planned Behavior, the Technology Acceptance Model, and
the PEN-3 Model. Ajzen’s Theory of Planned Behavior [16]
explains how personal beliefs, namely attitude (ie, positive
or negative beliefs about potential outcomes of the desired
behavior), subjective norms (ie, normative expectations of
others related to enrolling in the desired behavior), and
perceived control (ie, individual’s perceptions of the ease
of difficulty in performing the desired behavior), predict
and explain behavior of individuals. Davis’s Technology
Acceptance Model [17] suggests that intention is determined
by an individual attitude toward using a technology, which
is mediated by perceived usefulness (ie, the achievement of
job-related or personal goals due to the usage of the technol-
ogy) and perceived ease of use (ie, how flexible, simple, and
compatible the technology is) [18,19].

We drew from the relationships and expectations domain
of the PEN-3 model to conceptually map predictors of
intention retrieved from the Theory of Planned Behavior, the
Technology Acceptance Model, and previous literature on
digital health studies. We labeled those factors as behav-
ioral determinants of engagement. Airhihenbuwa’s PEN-3
Model foregrounds the role of cultural factors in developing
public health interventions and incorporates three domains:
cultural empowerment, cultural identity, and relationships
and expectations [20]. The domain of relationships and
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expectations includes the constructs of perceptions, nurturers,
and enablers. In the context of DHIs, perceptions can be
positive if they contribute to an individual’s active engage-
ment with it (eg, users may perceive the DHI as a reli-
able source for finding health information) and negative
if they negatively affect their active engagement with the
DHI (eg, users may perceive that it is hard to manipu-
late the DHI) [18,19]. Similarly, positive enablers are the
institutional resources encouraging the use of DHIs, such as
clearly engaged marketing materials, broad network coverage,
and external human support (eg, in-person or remote staff
coaching for health technology use and troubleshooting
support) [21-23]. On the other hand, negative enablers may
include unsupportive structures for an individual’s access and
use of DHI, such as poor network coverage and low access
to cell phones and electricity. Nurturers are positive when an
individual has family or peer support in the use of DHI or
negative when unsupportive (eg, a user may be discouraged
from using a parenting chatbot due to the negative opinions of
their family members) [24].
The DHEM
The DHEM combines these theoretical frameworks by
mapping behavioral determinants at three levels: (1)

individual and interpersonal (eg, knowledge, attitudes, and
beliefs affecting individual motivation toward the use of a
DHI), (2) community and organizational (eg, beliefs and
attitudes of close persons or groups toward the use of a
DHI), and (3) policy and institutional levels (eg, resources
within society and government promoting the use of DHI).
In the DHEM, predictors of intention at the individual and
interpersonal levels are perceived safety (ie, users’ belief
that their personal information is safe when accessing health
technology), perceived usefulness, perceived ease of use,
hedonic motivation (ie, enjoyment of the health technol-
ogy), price value (eg, cost of health technology or net-
work connection), attitude, and sociodemographics (eg, age,
gender, income, education level, digital literacy). Predictors at
the community and organizational levels are social influence
(ie, user-perceived support from peers and family to use a
DHI) and habit (eg, frequency of using digital technologies
for communication and access to public services). In contrast,
predictors at the policy and institutional levels are external
human support, internet access, electricity, and digital device
access (Figure 1).

Figure 1. The Digital Health Engagement Model. The blue boxes indicate variables that belong solely to the Technology Acceptance Model, the pink
boxes indicate variables that belong to the Technology Acceptance Model and Theory of Planned Behavior, and the purple boxes indicate the external
variables. The “*” indicates variables mapped under the Perceptions, Nurturers, and Enablers constructs of the PEN-3 model, while “**” indicates
sociodemographics such as age, gender, income, education level, and digital literacy.

To guide the understanding of how the multidimensional
aspects of intention may yield certain behavior outputs, the
DHEM also incorporates a three-dimensional investigation
of intention: (1) intention to use in the future, (2) intention
to spend money (ie, pay to have access to DHI or network
to use DHI), and (3) time to use in the future. The litera-
ture demonstrates that the intention–behavior relationship is

dependent on time and contextual factors [25-27]. There-
fore, in a low- and middle-income context where time and
money constraints are often a reality, the three-dimensional
study provides essential implications for advancing strategies
for behavior change interventions, including those delivered
digitally.
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South African Context
South Africa makes for an interesting case study for exploring
user engagement, given the growing presence of DHIs across
its evolving digital landscape. There is promising evidence
on the feasibility of implementing chatbot-led DHIs in the
country [28,29]. In 2022, an estimated 70% of South Africa’s
population had internet access, and there were 162 mobile
phone subscriptions per 100 people [30]. While chatbot-led
public health interventions focused on health promotion and
intimate partner violence prevention have been implemen-
ted in South Africa [28,29], evaluations of these interven-
tions have documented no engagement rates. For instance, a
South African chatbot-led study on intimate partner violence
prevention reported no measure of user engagement [29].

Chatbot-led interventions, including those designed to
promote positive parenting practices, have the potential to
accelerate South Africa’s progress toward achieving the
United Nations Sustainable Development Goals 4 and 16
for children (such as increasing access to education, safety,
responsive caring, and violence against children prevention
strategies) [31]. Even though in-person parenting programs
previously implemented in South Africa have been shown
to effectively target family factors (such as family relation-
ship quality, abuse, and neglect) that influence adolescents’
health and well-being and reduce the risk for early pregnancy
and HIV infection [32,33], they remain difficult to scale at
a national level. While low-cost, chatbot-led interventions
offer a promising way to scale parenting programs, challenges
related to user engagement and the limited research explicitly
focused on this issue make it difficult to provide parenting
support among those who may not be able to enroll in person
due to access barriers such as employment, transportation,
and childcare costs.
Study Objectives
The objectives of this study are as follows: first, to explore
the factor structure for a locally adapted measurement of
behavioral determinants; second, to examine how behavio-
ral determinants of engagement are associated with the
intention to use a chatbot delivered to parents and caregiv-
ers of adolescent girls as part of a hybrid-digital parent-
ing intervention in South African low-income communities;
and third, to investigate the moderating effect of individual-
level sociodemographic and psychosocial characteristics on
associations between determinants and intentions.

Methods
Study Design and Setting
This cross-sectional study was nested within a 2×2 clustered
factorial trial (clusters were assigned to receive ParentText
alone or combined with in-person sessions and a facilita-
ted WhatsApp support group) that followed the Multiphase
Optimization Strategy principles [34]. The trial aimed to
optimize user engagement in the chatbot component of a
hybrid digital parenting program developed by Parenting
for Lifelong Health [34]. The program was implemented

by mothers2mothers (m2m), a South African non-profit
organization, as part of a large-scale HIV-prevention project
“Children and Adolescents Are My Priority” (CHAMP) [34].
The CHAMP project was funded by the USAID (United
States Agency for International Development) PEPFAR (US
President's Emergency Plan for AIDS Relief) DREAMS
(Determined, Resilient, Empowered, AIDS-free, Mentored,
and Safe) Initiative, which focuses on strengthening family
relationships and communications and providing biomedical
prevention resources and HIV treatment to 28,500 adoles-
cent girls, aged 10 and 19 years, and young women [35].
This study was delivered from August to December 2023
across municipalities in the Ehlanzeni and Nkangala Districts
of Mpumalanga Province, South Africa. Mpumalanga is
characterized by high literacy and high unemployment [36],
and the areas in which the trial was implemented were mostly
rural and peri-urban zones, with agriculture, fishing, and
mining as the primary economic sectors [37].
Eligibility Criteria
Caregivers recruited from the CHAMP community project
were eligible if they (1) were aged 18 years or older and
spoke English, isiZulu, or siSwati, (2) were caring for an
adolescent girl aged between 10 and 17 years, (3) were
already enrolled in CHAMP, (4) were living in the same
household with the adolescent girl for a minimum of four
nights over the previous 3 months, (5) had access to a
mobile phone compatible with WhatsApp, (6) were willing
to provide written informed consent to participate in the full
study, and (7) were willing to enroll in the parenting chatbot
and receive messages via WhatsApp. Caregivers with severe
learning disabilities or mental health disorders were ineligi-
ble.
Data Collection Procedures
Data collection was conducted by trained m2m facilitators
who were also responsible for recruiting participants into
the trial and delivering the intervention. Baseline data were
collected from caregivers and adolescent girls at commun-
ity settings. Facilitators led participants through the chatbot
registration and first parenting module (ie, approximately
10 min of user interaction). After completion of onboarding
activities, caregivers completed the behavioral determinants
and intention to use the chatbot survey. Data from paper-
based questionnaires were abstracted by trained data capturers
using Open Data Kit for analysis.
Digital Health Intervention
ParentText is a mobile rule-based chatbot adapted from the
Parenting for Lifelong Health suite of programs to address
barriers to access and scale of in-person programs [34]. It
delivers personalized and gamified scheduled and on-demand
messages through text, audio, and visual messages using
UNICEF RapidPro, an open-source platform for building
interactive messaging systems and delivered through social
messaging apps such as WhatsApp (see Figure 2). While
the overall content package includes messages based on
development stages for caregivers of children aged 0‐23
months, 2‐9 years, and 10‐17 years, this study only used
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the content targeting caregivers of children aged 10-17 years.
ParentText delivers content over nine positive parenting goals
composed of 37 learning modules aiming to improve parent–
adolescent communication (Figure 2), improve engagement

in learning, improve adolescent mental health, and reduce
risky behaviors by establishing a healthy routine with clear
instructions and rules [34]. Modules are described in Table S1
in Multimedia Appendix 1.

Figure 2. A display of a vignette in ParentText on a smartphone screen.

Initial piloting of ParentText in South Africa found low
participant engagement, with the reported proportion of
participants accessing the content delivered across four topics
ranging from 20% (20/96) to 28% (27/96) of the sample
[38]. Based on results from the pilot evaluation, the chatbot
was subsequently revised to enhance the user experience
by incorporating personalization features and adding tools
to improve usability and support ongoing engagement [39].
ParentText is also being tested in the preschool system
in Malaysia and the social welfare system in Mexico
[40]. Delivery in South Africa was intended to support

positive parent–adolescent relationships and prevent HIV risk
behaviors as a key component of the CHAMP project.
Measures of Behavioral Determinants
Existing literature and the DHEM guided the instrument
development used to measure behavioral determinants and
intention to use. While previous studies have identified
associations between behavioral determinants (ie, perceived
usefulness, perceived ease of use, attitude, hedonic motiva-
tion, habit, price value, and social influence) with intention
to use [7,41-43], we found no existing questionnaires that
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specifically assess the behavioral determinants of potential
users in the context of a chatbot-led parenting intervention.
For this reason, we developed a questionnaire to measure
caregivers’ perceptions specific to the chatbot and their
general usage frequency of WhatsApp, the platform on
which ParentText was hosted. Given WhatsApp’s role as a
communication tool, caregivers’ frequency of use can offer
insights into its usability within their social networks (eg,
family, neighbors, and friends).

The behavioral determinants and intention to use ques-
tionnaires consisted of 16 questions that were tested with
the local research team for improved contextualization and
translation. The outcome intention to use was assessed using
two separate items that asked caregivers about their intention
to use ParentText in the future and their intention to spend
their mobile data to use ParentText. Both items were rated
on a Likert scale ranging from 0 (strongly disagree) to 4
(strongly agree). Behavioral determinants were assessed using
14 items across seven domains derived from the Technology
Acceptance Model and its extensions [17,19]. Perceived ease
of use was measured using two items assessing caregivers’
perceived understanding and capacity to interact with the
chatbot. Perceived usefulness was measured using seven
items (eg, “I think that ParentText would help me learn
how to manage my child’s behavior”). The remaining five
domains, attitude toward use, hedonic motivation, price value,
habit, and social influence, were each measured using a single
item. All 16 items were rated on a Likert scale ranging from
0 (strongly disagree) to 4 (strongly agree). The items are
described in Table S2 in Multimedia Appendix 2.

Covariates such as age, gender, and financial efficacy
(ie, how confident caregivers are in their ability to manage
their finances) were also assessed prior to administering
the determinants and intention questionnaire. The choice of
covariates was based on previous research reporting that
age, gender, and financial status are associated with users’
intentions to use DHIs [44-46]. In all questions, participants
were given the option to select the response, “I do not want
to answer.” All measures (Table S2 in Multimedia Appendix
2) and ParentText content were translated from English into
isiZulu and siSwati, the local home languages spoken by
participants adopting back-translation procedures.

Moderators
Moderators included age, absence of the father in the house,
financial efficacy, anxiety, depression, and stress. Age was
measured in years, and the absence of the father in the house
was a binary variable (yes and no). Financial efficacy was
measured on a scale ranging from “not at all true” (0) to
“exactly true” (3). Stress was measured using the parental
stressors subscale (6 items) of the Parental Stress Scale on a
scale of 0 to 20 and anxiety and depression using the 4-item
Patient Health Questionnaire on a scale ranging from 0 to 12
[47,48].

Statistical Analyses
Data analysis was conducted using RStudio (R version
4.2.2) and Visual Studio Code (Python version 3.10.6)

software. Missing data accounted for a maximum of 10%
for predictor (n=91) and outcome (n=108) variables and
was replaced using multiple imputation-chained equations
following Graham and colleagues’ recommendations [49].
Imputation was conducted using fully conditional spec-
ifications, predictive mean matching for numeric data,
and polytomous regression for multicategory data. Twenty
interactions were used to refine imputations, with five
imputations created accounting for clustered standard errors.
Beesley’s stacked approach was conducted on the imputed
datasets for weighing models and clustered standard errors
to account for the between-cluster variance across the 32
clusters in the study [50]. Descriptive data was presented
using frequencies and percentages for categorical variables
and means and standard deviations for numeric variables.

To explore the factor structure of the behavior determi-
nants measure, reliability analysis was performed on the
extracted factors using Cronbach α and omega coefficients to
assess the overall consistency, with α>.70 representing high
reliability, .35>α<.70 representing medium reliability, and
α<.35 representing low reliability [51]. A collinearity test was
conducted using Pearson’s correlations and variance inflation
factor (VIF), with VIF <1 representing no multicollinearity,
1>VIF <5 representing moderate collinearity, and VIF >5
representing high multicollinearity [52]. We also conducted
principal component (PC) analysis to ensure that factors
in the overall behavioral determinants composite construct
contributed equally to it. PC analysis used individual scores
of five factors (ie, attitude, hedonic motivation, habit, price
value, and social influence) and the perceived usefulness
(from 0 to 28) and the perceived ease of use (goes from 0
to 8) aggregate scores.

Next, to investigate how behavioral determinants and
intentions to use are associated, ordered logistic regression
models were applied to test for the predictive significance of
behavioral determinants on both outcomes assessing caregiver
intention to use ParentText. All four models (multivaria-
ble models with individual behavioral determinants and
univariate models with the composite construct) included
covariate adjustments for age, gender, and financial effi-
cacy to account for confounding effects. Finally, to test the
moderating effect of individual-level sociodemographic and
psychosocial characteristics (ie, caregiver age, presence of
the father in the house, financial efficacy, caregiver anxiety
and depression, and caregiver stress), models with inter-
actions between moderator and overall behavioral determi-
nants construct were conducted. Results reports followed the
Consolidated Standards of Reporting Trials of Electronic and
Mobile Health Applications and Online Telehealth (CON-
SORT-EHEALTH) checklist [53].
Ethical Considerations
Ethics approval for the study was granted by the Univer-
sity of Cape Town Center for Social Science Research
Ethics Committee (reference: CSSR 2023/05), the University
of Oxford Social Sciences and Humanities Interdivisional
Research Ethics Committee (reference: R88177/RE001), and
the Mpumalanga Department of Health and Department
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of Social Development (reference: R69569/RE003) [34].
Participants provided written informed consent prior to
completing paper-based baseline surveys and were offered
50 ZAR internet bundles (approximately US $2.60) as an
incentive to participate in the study [34]. Deidentified data
sets were stored securely in a password-protected server at
the University of Oxford and paper-based surveys stored by
the m2m South Africa office in compliance with the South
African Protection of Personal Information Act [34].

Results
Out of the 1464 caregivers recruited for eligibility, 1034 were
included in this study with matched baseline demographic and
behavioral determinant surveys (Figure 3).

Figure 3. Study recruitment.

Caregiver Baseline Characteristics
Participating caregivers were predominantly female (94%,
974/1034), and the average age was 38 years (SD 9).
Almost two-thirds reported that they were in a relationship
(64%, 665/1034). Reported paternal absence rates were

51% (537/1034), which were slightly below the national
South African average (58%) [47]. Most caregivers were
the biological parent (81%, 847/1034), and 10% (125/1034)
reported that the adolescent girl in their care was a paternal
orphan (Table 1).

Table 1. Baseline characteristics of participants (N=1034).
Characteristic Value
Caregiver age, mean (SD) 38 (9)
Place of residence, n (%)
  Ehlanzeni 716 (69)
  Nkangala 318 (30)
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Characteristic Value
Caregiver gender, n (%)
  Female 974 (94)
Caregiver status, n (%)
  Biological parent 847 (81)
Relationship status, n (%)
  Partnereda 665 (64)
Financial efficacy, mean (SD)b 1.64/3 (1.09)
Absence of father in the house, n (%)c 537 (51)
Caregiver disability, n (%)
  Yesd 76 (7)
Child age, mean (SD) 12 (2.00)
Child gender, n (%)
  Female 1,034 (100.0)
Adolescent school enrollment (ie, school year), n (%)
  Grade 4‐9 867 (83)
  Grade 10‐12 167 (16)
Caregiver anxiety and depression, mean (SD) 3.39/12 (3.21)
Caregiver stress, mean (SD) 8.60/20 (4.21)

aPartnered refers to married, civil, or noncivil partnership status.
bHigher values imply greater capacity to manage finances.
cFamilies where the father passed away or lives elsewhere.
dIncludes caregiver-reported cognitive, learning, auditory, visual, physical (any motor limitations and difficulties in performing self-care activities
such as getting dressed), and functional disabilities (any pre-existing non-communicable health conditions such as diabetes, cardiovascular disease,
and cancer).

Descriptives of Behavioral Determinants
and Intention
Caregivers reported a mean score of 2.99 (SD 0.55) out of
4 on their perceived usefulness of ParentText, a mean of
3.02 (SD 0.67) on their enjoyment, and a mean of 2.86 (SD
0.77) on perceived ease to interact with the chatbot. They also
reported a mean of 2.91 (SD 0.70) on their perceptions that
their peers and family would support them using ParentText
and a mean of 2.81 (SD 0.78) on how worthwhile they
believed it was to spend mobile data on the chatbot. The
mean attitude of caregivers toward DHIs such as ParentText
was 3.05 (SD 0.68) and WhatsApp usage habits was 2.76
(SD 0.85). Respondents also reported a mean of 2.85 (SD
0.79) and 2.90 (SD 0.72) regarding their intention to use their
mobile data and to continue using ParentText in the future,
respectively.
Psychometric Properties of Behavioral
Determinants Measure

Principal Component Analysis
Results indicate that all seven items loaded relatively equally
on the first PC, which accounted for 52% of the total variance
of the overall behavioral determinant construct (52% PC1,
13% PC2, 9% PC3, 7% PC4, 6% PC5, 5% PC6, and 4%
PC7). Using the scores from PC1, a summary composite
score across all four subscales ranging from 0.67 to 18.64
was generated and used in the regression models (Table S3 in
Multimedia Appendix 3).

Reliability Tests
The overall reliability of the instrument exceeded the
acceptable threshold (α=.90; 95% CI 0.89‐0.90; Ω=0.91).
Reliability results for perceived usefulness, as measured by
the α and omega coefficients, were also above 0.70 and thus
considered high (Table S4 in Multimedia Appendix 3).
Association Between Behavioral
Determinants and Intention to Use
Higher levels of overall behavioral determinants were
positively associated with higher caregiver intention to use
ParentText (intention to use in the future: odds ratio [OR]
1.85, 95% CI 1.81‐1.90 and intention to use mobile data:
OR 1.76, 95% CI 1.72‐1.81; Tables 2 and 3). Individual
behavioral determinant measures (ie, perceived usefulness
and ease of use, attitude, hedonic motivation, habit) also
emerged as positive predictors of both intention outcomes
(Tables 2 and 3). Price value and perceived ease of use were
not significantly associated with intention to use, while social
influence was not significantly associated with intention to
spend mobile data. The results of goodness-of-fit (Table S6 in
Multimedia Appendix 3) indicate pseudo-R2 values ranging
from 17% to 37% in the overall behavioral determinants
model and from 16% to 33% in the models with individ-
ual behavioral determinants, suggesting that the respective
changes in the caregiver’s intentions to use ParentText are
well explained by all predictors. VIF indicated collinearity
ranging from 1.02 to 2.95 (Table S5 in Multimedia Appen-
dix 3). Tables S7 and S8 in Multimedia Appendix 3 report
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the results of multivariable logistic models conducted on
unimputed data for sensitivity analysis.

Table 2. Multivariable logistic regression results testing associations between behavioral determinants and intention to use ParentText in the futurea.
Independent variable ORb 95% CI P value
Overall behavioral determinants 1.85 (0.01) 1.81‐1.90 <.001
Perceived usefulness 1.10 (0.00) 1.08‐1.12 <.001
Perceived ease of use 1.00 (0.02) 0.96‐1.04 .99
Attitude 1.67 (0.03) 1.60‐1.75 <.001
Hedonic motivation 1.77 (0.05) 1.66‐1.87 <.001
Habit 1.25 (0.03) 1.18‐1.31 <.001
Price value 1.02 (0.03) 0.97‐1.08 .34
Social influence 2.08 (0.12) 1.85‐2.34 <.001

aNote: All models included covariate adjustments for age, gender, and financial efficacy. Clustered standard errors in parentheses.
bOdds ratio.

Table 3. Multivariable logistic regression results testing associations between behavioral determinants and intention to spend mobile data to use
ParentText in the futurea.
Independent variable ORb 95% CI P value
Overall behavioral determinants 1.76 (0.01) 1.72‐1.81 <.001
Perceived usefulness 1.07 (0.00) 1.05‐1.08 <.001
Perceived ease of use 1.05 (0.02) 1.01‐1.09 <.001
Attitude 2.14 (0.06) 2.01‐2.27 <.001
Hedonic motivation 1.26 (0.03) 1.19‐1.33 <.001
Habit 1.17 (0.05) 1.08‐1.28 <.001
Price value 2.15 (0.10) 1.97‐2.36 <.001
Social influence 1.05 (0.03) 0.99‐1.11 .05

aNote: All models included covariate adjustments for age, gender, and financial efficacy. Clustered standard errors in parentheses.
bOdds ratio.

Moderator Analyses
Moderator analysis suggested more relevance of behavio-
ral determinants in predicting caregivers’ intention to use
in families where fathers were absent (OR 2.03, 95% CI
1.79‐2.41) than those where fathers were present. A greater
relevance of behavioral determinants in predicting caregivers’
intention to use was observed among caregivers experiencing
higher levels of stress compared to those with lower stress
levels (OR 1.09, 95% CI 1.05‐1.14). Behavioral determinants

were also more relevant in predicting intentions to spend
mobile data among older caregivers in comparison to younger
caregivers (OR 1.04, 95% CI 1.03‐1.05), financially stressed
families in comparison to those more financially stable (OR
0.38, 95% CI 0.30‐0.48), and in families where fathers
were absent in comparison to those where fathers were
present (OR 2.34, 95% CI 2.01‐2.72). No moderating effects
were observed on baseline levels of caregiver anxiety and
depression (Table 4).

Table 4. Results of the interaction effect of sociodemographic and psychosocial characteristics on the associations between behavioral determinants
and intention to usea.
Moderator Outcome bOR 95% CI P value
Age Intention to use in future 1.00 (0.00) 0.99‐1.00 .82

Intention to spend mobile data 1.04 (0.00) 1.03‐1.05 <.001
Absence of father in the housec Intention to use in future 2.03 (0.07) 1.79‐2.41 <.001

Intention to spend mobile data 2.34 (0.10) 2.01‐2.72 <.001
Financial efficacy Intention to use in future 0.90 (0.12) 0.71‐1.15 .43

Intention to spend mobile data 0.38 (0.12) 0.30‐0.48 <.001
Anxiety and depression Intention to use in future 1.02 (0.04) 0.94‐1.10 .59

Intention to spend mobile data 0.96 (0.03) 0.89‐1.02 .25
Stress Intention to use in future 1.09 (0.02) 1.05‐1.14 <.001
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Moderator Outcome bOR 95% CI P value

Intention to spend mobile data 0.91 (0.03) 0.86‐0.97 .007
aNote: Clustered standard errors in parentheses. Financial Efficacy range 0‐3. Anxiety and depression range 0‐12. Stress range 0‐20.
bOdds ratio.
cReference category: Present father.

Discussion
Evidence From the Theoretical
Framework
Our findings highlight the positive associations between
overall behavioral determinants and caregivers’ intention
to use the parenting chatbot, underscoring the strength of
the composite construct in effectively capturing the seven
underlying domains. For each one-unit increase in the
overall behavioral determinants score, the odds of caregivers
intending to spend mobile data on ParentText were 76%
higher and the odds of intending to use ParentText in the
future were 85% higher, compared to caregivers with lower
scores. Similarly, individual behavioral determinant domains
were also associated with intention, offering more nuanced
insights into the context in which the chatbot was implemen-
ted.

Results demonstrated that perceived usefulness, attitude,
and hedonic motivation were positively associated with

intention to use, aligning with theory and with findings
from previous research that reported such factors as pos-
itive predictors of intention to use [54,55]. Findings indi-
cating positive associations between price value (ie, the
perception that the chatbot was worth spending mobile
data on) and intention to spend mobile data (Figure 4)
warrant further discussion. Participants’ prior knowledge
that they would receive internet bundles to use ParentText
may have influenced these observed positive associations.
In low-income contexts such as rural and peri-urban South
Africa, perceiving the value of ParentText and having a
positive attitude toward DHIs may have influenced the
intention of caregivers to use their data to interact with the
chatbot instead of spending it on something else. There is
ambiguity on the associations of financial cost to accessing a
DHI with participants' intention to use, as some studies report
negative [44,56], while others report no associations [57].
Our findings suggest that access to the internet, which, in the
context of our study, has financial implications, may increase
the acceptance of DHIs within low-income households.

Figure 4. Forest plot of logistic regression coefficients testing associations between behavioral determinants and intention to spend mobile data to use
ParentText in the future.
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Figure 5. Forest plot of logistic regression coefficients testing associations between behavioral determinants and intention to use ParentText in the
future.

Social influence, found in previous research to be associ-
ated with intention to use a DHI [57,58], was also posi-
tively associated with caregivers’ intention to use ParentText
(Figure 5), as measured by agreement with the statement,
“People who are important to me think that digital tools
such as ParentText could support me as a parent.” In this
study, participants responded to the questionnaire while in
a group setting during onboarding, during which they may
have been aware of other caregivers’ intentions toward using
ParentText. Those factors may have positively influenced
caregivers’ impressions that their family and peers would
support their usage of ParentText. In addition, results
indicating positive associations between WhatsApp usage
habits and intentions to use ParentText suggest the potential
efficacy of adopting the most used and familiar communica-
tion platforms among potential DHI users to increase user
acceptance.
Implication of Results in the South
African Context
Our findings suggest that caregivers in South Africa who
were introduced to the ParentText chatbot had positive
intentions to continue to use it. Overall behavioral deter-
minants became more relevant in predicting caregivers’
intention to spend mobile data among families with older
caregivers, families where the father was absent, and families
that were less financially stable. These findings suggest
that families with older caregivers, without fathers, or with
greater levels of financial stress may require more structural
support to engage in DHIs than those with younger caregiv-
ers, where fathers are present, and that are more financially
stable. Therefore, there is great value in engaging fathers
when delivering parenting chatbots, as previous research has
reported their important role in families’ health and well-
being [59].

Study Strengths and Limitations
This study contributes to advancing the cycle of better
development and implementation of DHIs by introducing
a framework and a composite construct that explains the
holistic role of behavioral determinants of engagement. In
contexts where collecting data on all individual behavioral
determinants is not feasible, the composite construct provides
a practical alternative, allowing for the use of fewer items
while still effectively capturing the multidimensional factors
that influence users’ intentions to engage with DHIs. Even
though we could only investigate individual- and interper-
sonal-level factors and caregivers’ personal impressions of
community-level factors, their integration in the development
and implementation stages can support good practices and
help maximize DHI uptake.

Several limitations should be considered when interpreting
our findings. First, selection bias may have influenced the
results, as participants were caregivers already enrolled in
the CHAMP program and owned WhatsApp-enabled phones,
potentially representing a tech-savvy and intervention-posi-
tive subset of the population. Second, intention scores might
have been skewed, as participants may have reported more
positive intentions due to the provision of internet bundles,
thereby confounding our results. Third, the cross-sectional
design limited our ability to examine causal relationships
between behavioral determinants and intention to use. Fourth,
the behavioral determinants measurement did not capture
policy-level enablers (eg, internet access, electricity), nor did
we measure the participant’s intention to spend time on the
chatbot. Lastly, while we conducted face validity and tested
the reliability of the behavioral determinant measures, we
were unable to assess other types of validity due to the limited
capacity of our research team.
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Future Directions
Future research could employ a longitudinal or experimen-
tal design to investigate the relationships between behavio-
ral determinants and intentions. It should also investigate
how behavioral determinants and intentions are associated
with engagement because a broader understanding of this
pathway greatly supports efforts to improve the deployment
of DHIs. Studies should also assess the construct, criterion,
and content validity of the behavioral determinants and
intention measurements and investigate the factors at the
policy and institutional levels. Lastly, it is also essential to
further investigate factors that are associated with positive
intentions toward DHIs among those facing stress.
Conclusions
To the best of our knowledge, this is the first study to
investigate how behavioral determinants of engagement are
associated with the intention to use a parenting chatbot

delivered in a low- and middle-income context. In conclusion,
we recommend that developers and implementation scientists
emphasize the value and quality of the DHIs while targeting
aspects that enhance receptivity to social influence. Efforts
to minimize network connection costs could also be provided
through internet hotspots. The perception of affordability can
trigger the sense that an individual is getting a good deal,
which consequently leads to positive intentions. Similarly,
implementation strategies that incorporate collaboration with
community partners can foster positive normative influences
toward DHIs, potentially leading to more favorable inten-
tions toward use. The adoption of the most used communi-
cation platforms can also be prioritized to support positive
intentions among potential users of chatbot-led interventions.
While these early-stage findings suggest that chatbots may
be effective platforms for overcoming barriers to accessing
in-person programs in real-world settings, the generalizability
of these results to other contexts remains uncertain.

Acknowledgments
The authors are grateful for the support received from mothers2mothers South Africa, Clowns Without Borders South Africa,
Zoë-Life South Africa, the University of Cape Town, the Global Parenting Initiative, and all funders and partners who
contributed to the implementation of this study. Similarly, the authors extend appreciation to the families and the community of
Mpumalanga for participating in the study. This study is part of the Global Parenting Initiative, which is funded by The LEGO
Foundation and Oak Foundation. This study also benefited from funding from the United States Agency for International
Development (72067418CA00026) as part of the mothers2mothers South African Children and Adolescents Are My Priority
project.
Data Availability
The datasets in this study are not currently publicly available due to ongoing analyzes. They will be made available via
the Open Science Framework registration of the ParentText Optimization Study [60] upon study completion. In the interim,
datasets are available from the principal investigators upon reasonable request.
Authors’ Contributions
Conceptualization, development of the behavioral determinants of engagement survey, and creation of the behavioral
determinants construct and digital health engagement model: MDGA; data curation: MDGA, JS, and SL; formal statistical
analysis: MDGA; project implementation: AS, KB, SL, PZ, JS, ZM, HG, LM, DS, MDGA and CF; methodology: MDGA,
GJMT, SV, FG, and JML; writing–original draft: MDGA; writing–review and editing: MDGA, SV, JML, and FG.
Conflicts of Interest
JML is the CEO and LM is the Chief of Solutions for Parenting for Lifelong Health (PLH), a charitable organization based in
the United Kingdom that developed the ParentText, which is open access, licensed under a Creative Commons 4.0 Attribution
Share-Alike license. JML has (and is participating) participated in several research studies involving the program, as an
investigator, and the University of Oxford and University of Cape Town receive research funding for these. MDGA, JS, SL,
ZM, FG, SV, HS, PZ, LM, and GJMT worked on other studies by PLH. The investigators will not benefit from any financial
gains from implementing and disseminating this intervention. KB worked for Clowns Without Borders South Africa, a South
African–based nonprofit organization responsible for providing capacity training and technical support on the delivery of PLH
programs in Africa. The sponsor and funders did not influence any stage of the study design and were not involved in any stage
of execution, data analysis, and dissemination of the study.
Multimedia Appendix 1
Intervention modules: ParentText content.
[DOCX File (Microsoft Word File), 20 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Items measuring behavioral determinants and intention to use.
[DOCX File (Microsoft Word File), 23 KB-Multimedia Appendix 2]

Multimedia Appendix 3

JMIR PEDIATRICS AND PARENTING Ambrosio et al

https://pediatrics.jmir.org/2025/1/e76992 JMIR Pediatr Parent 2025 | vol. 8 | e76992 | p. 12
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=pediatrics_v8i1e76992_app1.docx
https://jmir.org/api/download?alt_name=pediatrics_v8i1e76992_app1.docx
https://jmir.org/api/download?alt_name=pediatrics_v8i1e76992_app2.docx
https://jmir.org/api/download?alt_name=pediatrics_v8i1e76992_app2.docx
https://pediatrics.jmir.org/2025/1/e76992


Supplementary analyses.
[DOCX File (Microsoft Word File), 30 KB-Multimedia Appendix 3]
References
1. David OA, The International Institute for the Advanced Studies of Psychotherapy and Applied Mental Health,

Department of Clinical Psychology and Psychotherapy, Babeş-Bolyai University, The International Institute for the
Advanced Studies of Psychotherapy and Applied Mental Health. The Rational Parenting Coach app: REThink parenting!
A mobile parenting program for offering evidence-based personalized support in the prevention of child externalizing
and internalizing disorders. JEBP. Sep 1, 2019;19(2):97-108. URL: http://jebp.psychotherapy.ro/category/vol-xix-no-2-
2019/ [doi: 10.24193/jebp.2019.2.15]

2. Feil EG, Sprengelmeyer PG, Leve C. A randomized study of a mobile behavioral parent training application. Telemed J
E Health. Jun 2018;24(6):457-463. [doi: 10.1089/tmj.2017.0137] [Medline: 29232180]

3. Ogilvie L, Prescott J, Carson J. The use of chatbots as supportive agents for people seeking help with substance use
disorder: a systematic review. Eur Addict Res. 2022;28(6):405-418. [doi: 10.1159/000525959] [Medline: 36041418]

4. Ly KH, Ly AM, Andersson G. A fully automated conversational agent for promoting mental well-being: a pilot RCT
using mixed methods. Internet Interv. Dec 2017;10:39-46. [doi: 10.1016/j.invent.2017.10.002] [Medline: 30135751]

5. Gabarron E, Larbi D, Denecke K, Årsand E. What do we know about the use of chatbots for public health? Stud Health
Technol Inform. Jun 16, 2020;270:796-800. [doi: 10.3233/SHTI200270] [Medline: 32570492]

6. Klapow MC, Rosenblatt A, Lachman J, Gardner F. The implementation feasibility and acceptability of using a digital
conversational agent (chatbot) for delivering parenting interventions: systematic review. JMIR Pediatr Parent. Oct 7,
2024;7:e55726. [doi: 10.2196/55726] [Medline: 39374516]

7. van Kessel R, Roman-Urrestarazu A, Anderson M, et al. Mapping factors that affect the uptake of digital therapeutics
within health systems: scoping review. J Med Internet Res. Jul 25, 2023;25:e48000. [doi: 10.2196/48000] [Medline:
37490322]

8. Hasselberg MJ. The digital revolution in behavioral health. J Am Psychiatr Nurses Assoc. 2020;26(1):102-111. [doi: 10.
1177/1078390319879750] [Medline: 31587624]

9. Mee P, Gussy M, Huntley P, et al. Digital exclusion as a barrier to accessing healthcare: a summary composite indicator
and online tool to explore and quantify local differences in levels of exclusion. medRxiv. Preprint posted online on 2023.
[doi: 10.1101/2023.07.12.23292547]

10. Couper MP, Alexander GL, Zhang N, et al. Engagement and retention: measuring breadth and depth of participant use of
an online intervention. J Med Internet Res. Nov 18, 2010;12(4):e52. [doi: 10.2196/jmir.1430] [Medline: 21087922]

11. Brouwer W, Oenema A, Crutzen R, de Nooijer J, de Vries NK, Brug J. What makes people decide to visit and use an
internet‐delivered behavior‐change intervention? Health Educ. Oct 16, 2009;109(6):460-473. [doi: 10.1108/
09654280911001149]

12. Green LW, Hiatt RA. Behavioral determinants of health and disease. In: Detels R, Beaglehole R, Lansang MA, Gulliford
M, editors. Oxford Textbook of Public Health. Oxford University Press; 2009. [doi: 10.1016/j.mjafi.2012.05.002]

13. Trethewey SP, Reynolds EK, Trethewey CS. Behavioural determinants of health: individual versus societal
responsibility. Br J Gen Pract. Jul 2021;71(708):301-302. [doi: 10.3399/bjgp21X716237] [Medline: 34319899]

14. AlQudah AA, Al-Emran M, Shaalan K. Technology acceptance in healthcare: a systematic review. Appl Sci (Basel).
2021;11(22):10537. [doi: 10.3390/app112210537]

15. Fitzpatrick KK, Darcy A, Vierhile M. Delivering cognitive behavior therapy to young adults with symptoms of
depression and anxiety using a fully automated conversational agent (Woebot): a randomized controlled trial. JMIR
Ment Health. Jun 6, 2017;4(2):e19. [doi: 10.2196/mental.7785] [Medline: 28588005]

16. Ajzen I. The theory of planned behavior. Organ Behav Hum Decis Process. Dec 1991;50(2):179-211. [doi: 10.1016/
0749-5978(91)90020-T]

17. Davis FD. Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Q. Sep
1989;13(3):319. [doi: 10.2307/249008]

18. Gagnon MP, Orruño E, Asua J, Abdeljelil AB, Emparanza J. Using a modified technology acceptance model to evaluate
healthcare professionals’ adoption of a new telemonitoring system. Telemed J E Health. 2012;18(1):54-59. [doi: 10.
1089/tmj.2011.0066] [Medline: 22082108]

19. Rondan-Cataluña FJ, Arenas-Gaitán J, Ramírez-Correa PE. A comparison of the different versions of popular technology
acceptance models: a non-linear perspective. Kybernetes. May 5, 2015;44(5):788-805. [doi: 10.1108/K-09-2014-0184]

20. Airhihenbuwa CO. A conceptual model for culturally appropriate health education programs in developing countries. Int
Q Community Health Educ. Jan 1, 1990;11(1):53-62. [doi: 10.2190/LPKH-PMPJ-DBW9-FP6X] [Medline: 20841220]

21. Rogers J, Gladstone T, Van Voorhees B, Bunge EL. The role of human support on engagement in an online depression
prevention program for youth. Soc Sci (Basel). 2021;10(8):285. [doi: 10.3390/socsci10080285]

JMIR PEDIATRICS AND PARENTING Ambrosio et al

https://pediatrics.jmir.org/2025/1/e76992 JMIR Pediatr Parent 2025 | vol. 8 | e76992 | p. 13
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=pediatrics_v8i1e76992_app3.docx
https://jmir.org/api/download?alt_name=pediatrics_v8i1e76992_app3.docx
http://jebp.psychotherapy.ro/category/vol-xix-no-2-2019/
http://jebp.psychotherapy.ro/category/vol-xix-no-2-2019/
https://doi.org/10.24193/jebp.2019.2.15
https://doi.org/10.1089/tmj.2017.0137
http://www.ncbi.nlm.nih.gov/pubmed/29232180
https://doi.org/10.1159/000525959
http://www.ncbi.nlm.nih.gov/pubmed/36041418
https://doi.org/10.1016/j.invent.2017.10.002
http://www.ncbi.nlm.nih.gov/pubmed/30135751
https://doi.org/10.3233/SHTI200270
http://www.ncbi.nlm.nih.gov/pubmed/32570492
https://doi.org/10.2196/55726
http://www.ncbi.nlm.nih.gov/pubmed/39374516
https://doi.org/10.2196/48000
http://www.ncbi.nlm.nih.gov/pubmed/37490322
https://doi.org/10.1177/1078390319879750
https://doi.org/10.1177/1078390319879750
http://www.ncbi.nlm.nih.gov/pubmed/31587624
https://doi.org/10.1101/2023.07.12.23292547
https://doi.org/10.2196/jmir.1430
http://www.ncbi.nlm.nih.gov/pubmed/21087922
https://doi.org/10.1108/09654280911001149
https://doi.org/10.1108/09654280911001149
https://doi.org/10.1016/j.mjafi.2012.05.002
https://doi.org/10.3399/bjgp21X716237
http://www.ncbi.nlm.nih.gov/pubmed/34319899
https://doi.org/10.3390/app112210537
https://doi.org/10.2196/mental.7785
http://www.ncbi.nlm.nih.gov/pubmed/28588005
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.2307/249008
https://doi.org/10.1089/tmj.2011.0066
https://doi.org/10.1089/tmj.2011.0066
http://www.ncbi.nlm.nih.gov/pubmed/22082108
https://doi.org/10.1108/K-09-2014-0184
https://doi.org/10.2190/LPKH-PMPJ-DBW9-FP6X
http://www.ncbi.nlm.nih.gov/pubmed/20841220
https://doi.org/10.3390/socsci10080285
https://pediatrics.jmir.org/2025/1/e76992


22. Day JJ, Sanders MR. Do parents benefit from help when completing a self-guided parenting program online? A
randomized controlled trial comparing triple P online with and without telephone support. Behav Ther. Nov
2018;49(6):1020-1038. [doi: 10.1016/j.beth.2018.03.002] [Medline: 30316482]

23. Epstein M, Oesterle S, Haggerty KP. Effectiveness of Facebook groups to boost participation in a parenting intervention.
Prev Sci. Aug 2019;20(6):894-903. [doi: 10.1007/s11121-019-01018-0] [Medline: 31124023]

24. Hsiao CH, Tang KY. Examining a model of mobile healthcare technology acceptance by the elderly in Taiwan. Journal
of Global Information Technology Management. Oct 2, 2015;18(4):292-311. [doi: 10.1080/1097198X.2015.1108099]

25. Maher JP, Dzubur E, Huh J, Intille S, Dunton GF. Within-day time-varying associations between behavioral cognitions
and physical activity in adults. J Sport Exerc Psychol. Aug 2016;38(4):423-434. [doi: 10.1123/jsep.2016-0058]
[Medline: 27634288]

26. Maher JP, Rhodes RE, Dzubur E, Huh J, Intille S, Dunton GF. Momentary assessment of physical activity intention-
behavior coupling in adults. Transl Behav Med. Dec 2017;7(4):709-718. [doi: 10.1007/s13142-017-0472-6] [Medline:
28155108]

27. Pickering TA, Huh J, Intille S, Liao Y, Pentz MA, Dunton GF. Physical activity and variation in momentary behavioral
cognitions: an ecological momentary assessment study. J Phys Act Health. Mar 2016;13(3):344-351. [doi: 10.1123/jpah.
2014-0547] [Medline: 26284314]

28. Seebregts C, Tanna G, Fogwill T, Barron P, Benjamin P. MomConnect: an exemplar implementation of the health
normative standards framework in South Africa. South Afr Health Rev. 125-136. URL: https://researchspace.csir.co.za/
items/65a50881-d601-44c8-9c0c-e490854d33ba [Accessed 2023-05-15]

29. De Filippo A, Bellatin P, Tietz N, et al. Effects of digital chatbot on gender beliefs and exposure to intimate partner
violence among young women in South Africa. PsyArXiv. Preprint posted online on 2022. [doi: 10.31234/osf.io/n6rdj]

30. World Bank. Mobile cellular subscriptions (per 100 people)—South Africa | data. 2022. URL: https://data.worldbank.
org/indicator/IT.CEL.SETS.P2?locations=ZA [Accessed 2023-05-15]

31. Jamieson L, Berry L, Lake L. Broad Overview of the South African Child Gauge 2017. Children’s Institute, University
of Cape Town; 2017. URL: https://www.researchgate.net/publication/321609409 [Accessed 2024-05-10]

32. Cluver L, Meinck F, Yakubovich A, et al. Reducing child abuse amongst adolescents in low- and middle-income
countries: a pre-post trial in South Africa. BMC Public Health. Jul 13, 2016;16(1):567. [doi: 10.1186/s12889-016-3262-
z] [Medline: 27919242]

33. Cluver LD, Meinck F, Steinert JI, et al. Parenting for Lifelong Health: a pragmatic cluster randomised controlled trial of
a non-commercialised parenting programme for adolescents and their families in South Africa. BMJ Glob Health.
2018;3(1):e000539. [doi: 10.1136/bmjgh-2017-000539] [Medline: 29564157]

34. Ambrosio MDG, Lachman JM, Zinzer P, et al. A factorial randomized controlled trial to optimize user engagement With
a chatbot-led parenting intervention: protocol for the ParentText optimisation trial. JMIR Res Protoc. May 3,
2024;13:e52145. [doi: 10.2196/52145] [Medline: 38700935]

35. Bhana A, Petersen I, Mason A, Mahintsho Z, Bell C, McKay M. Children and youth at risk: adaptation and pilot study of
the CHAMP (Amaqhawe) programme in South Africa. Afr J AIDS Res. May 2004;3(1):33-41. [doi: 10.2989/
16085900409490316] [Medline: 25874981]

36. Data world. Mpumalanga spatial development framework. 2019. URL: https://cer.org.za/wp-content/uploads/2019/01/
Phase1.pdf [Accessed 2024-08-03]

37. South Africa Gateway. The economies of South Africa’s nine provinces. 2018. URL: https://southafrica-info.com/
infographics/animation-economic-sectors-of-south-africas-provinces [Accessed 2024-08-03]

38. Schafer M, Lachman JM, Gardner F, et al. Integrating intimate partner violence prevention content into a digital
parenting chatbot intervention during COVID-19: Intervention development and remote data collection. BMC Public
Health. Sep 4, 2023;23(1):1708. [doi: 10.1186/s12889-023-16649-w] [Medline: 37667352]

39. Klapow M, Zinser P, Lachman J, et al. Promoting family well-being at scale: optimising and re-designing a digital
parenting programme for reducing violence against children in lmics using the 6squid framework. Popul Med.
2023;5(Supplement). [doi: 10.18332/popmed/164209]

40. Cooper H, Nadzri FZM, Vyas S, et al. A hybrid digital parenting program delivered within the Malaysian preschool
system: protocol for a feasibility study of a small-scale factorial cluster randomized trial. JMIR Res Protoc. Apr 26,
2024;13:e55491. [doi: 10.2196/55491] [Medline: 38669679]

41. Wlasak W, Zwanenburg SP, Paton C. Supporting autonomous motivation for physical activity with chatbots during the
COVID-19 pandemic: factorial experiment. JMIR Form Res. Jan 25, 2023;7:e38500. [doi: 10.2196/38500] [Medline:
36512402]

42. Zin K, Kim S, Kim HS, Feyissa IF. A study on technology acceptance of digital healthcare among older Korean adults
using extended TAM (Extended Technology Acceptance Model). Adm Sci. 2023;13(2):42. [doi: 10.3390/
admsci13020042]

JMIR PEDIATRICS AND PARENTING Ambrosio et al

https://pediatrics.jmir.org/2025/1/e76992 JMIR Pediatr Parent 2025 | vol. 8 | e76992 | p. 14
(page number not for citation purposes)

https://doi.org/10.1016/j.beth.2018.03.002
http://www.ncbi.nlm.nih.gov/pubmed/30316482
https://doi.org/10.1007/s11121-019-01018-0
http://www.ncbi.nlm.nih.gov/pubmed/31124023
https://doi.org/10.1080/1097198X.2015.1108099
https://doi.org/10.1123/jsep.2016-0058
http://www.ncbi.nlm.nih.gov/pubmed/27634288
https://doi.org/10.1007/s13142-017-0472-6
http://www.ncbi.nlm.nih.gov/pubmed/28155108
https://doi.org/10.1123/jpah.2014-0547
https://doi.org/10.1123/jpah.2014-0547
http://www.ncbi.nlm.nih.gov/pubmed/26284314
https://researchspace.csir.co.za/items/65a50881-d601-44c8-9c0c-e490854d33ba
https://researchspace.csir.co.za/items/65a50881-d601-44c8-9c0c-e490854d33ba
https://doi.org/10.31234/osf.io/n6rdj
https://data.worldbank.org/indicator/IT.CEL.SETS.P2?locations=ZA
https://data.worldbank.org/indicator/IT.CEL.SETS.P2?locations=ZA
https://www.researchgate.net/publication/321609409
https://doi.org/10.1186/s12889-016-3262-z
https://doi.org/10.1186/s12889-016-3262-z
http://www.ncbi.nlm.nih.gov/pubmed/27919242
https://doi.org/10.1136/bmjgh-2017-000539
http://www.ncbi.nlm.nih.gov/pubmed/29564157
https://doi.org/10.2196/52145
http://www.ncbi.nlm.nih.gov/pubmed/38700935
https://doi.org/10.2989/16085900409490316
https://doi.org/10.2989/16085900409490316
http://www.ncbi.nlm.nih.gov/pubmed/25874981
https://cer.org.za/wp-content/uploads/2019/01/Phase1.pdf
https://cer.org.za/wp-content/uploads/2019/01/Phase1.pdf
https://southafrica-info.com/infographics/animation-economic-sectors-of-south-africas-provinces
https://southafrica-info.com/infographics/animation-economic-sectors-of-south-africas-provinces
https://doi.org/10.1186/s12889-023-16649-w
http://www.ncbi.nlm.nih.gov/pubmed/37667352
https://doi.org/10.18332/popmed/164209
https://doi.org/10.2196/55491
http://www.ncbi.nlm.nih.gov/pubmed/38669679
https://doi.org/10.2196/38500
http://www.ncbi.nlm.nih.gov/pubmed/36512402
https://doi.org/10.3390/admsci13020042
https://doi.org/10.3390/admsci13020042
https://pediatrics.jmir.org/2025/1/e76992


43. Alsswey A, Naufal I, Bervell B. Investigating the acceptance of mobile health application user interface cultural-based
design to assist Arab elderly users. IJACSA. 2018;9(8). [doi: 10.14569/IJACSA.2018.090819]

44. Salgado T, Tavares J, Oliveira T. Drivers of mobile health acceptance and use from the patient perspective: survey study
and quantitative model development. JMIR Mhealth Uhealth. Jul 9, 2020;8(7):e17588. [doi: 10.2196/17588] [Medline:
32673249]

45. Dang S, Karanam C, Gómez-Orozco C, Gómez-Marín O. Mobile phone intervention for heart failure in a minority urban
county hospital population: usability and patient perspectives. Telemed J E Health. Jul 2017;23(7):544-554. [doi: 10.
1089/tmj.2016.0224] [Medline: 28051761]

46. Ngongo BP, Ochola P, Ndegwa J, Katuse P. The moderating role of top executives’ sex, level of education and
knowledge on adoption of mobile health applications by hospitals In Kenya. J Healthc Leadersh. 2019;11:115-126. [doi:
10.2147/JHL.S226341] [Medline: 31807107]

47. Kroenke K, Spitzer RL, Williams JBW, Löwe B. An ultra-brief screening scale for anxiety and depression: the PHQ-4.
Psychosomatics. 2009;50(6):613-621. [doi: 10.1176/appi.psy.50.6.613] [Medline: 19996233]

48. Berry JO, Jones WH. The parental stress scale: initial psychometric evidence. J Soc Pers Relat. Aug 1995;12(3):463-472.
[doi: 10.1177/0265407595123009]

49. Graham JW, Olchowski AE, Gilreath TD. How many imputations are really needed? Some practical clarifications of
multiple imputation theory. Prev Sci. Sep 2007;8(3):206-213. [doi: 10.1007/s11121-007-0070-9] [Medline: 17549635]

50. Beesley LJ, Taylor JMG. A stacked approach for chained equations multiple imputation incorporating the substantive
model. Biometrics. Dec 2021;77(4):1342-1354. [doi: 10.1111/biom.13372] [Medline: 32920819]

51. Nunnally JC. Psychometric theory—25 years ago and now. Educ Res. Nov 1975;4(10):7-21. [doi: 10.3102/
0013189X004010007]

52. Shrestha N. Detecting multicollinearity in regression analysis. AJAMS. Jan 15, 2020;8(2):39-42. [doi: 10.12691/ajams-
8-2-1]

53. Eysenbach G, CONSORT-EHEALTH Group. CONSORT-EHEALTH: improving and standardizing evaluation reports
of web-based and mobile health interventions. J Med Internet Res. Dec 31, 2011;13(4):e126. [doi: 10.2196/jmir.1923]
[Medline: 22209829]

54. Ngusie HS, Kassie SY, Zemariam AB, et al. Understanding the predictors of health professionals’ intention to use
electronic health record system: extend and apply UTAUT3 model. BMC Health Serv Res. Aug 3, 2024;24(1):889. [doi:
10.1186/s12913-024-11378-1] [Medline: 39097725]

55. Tamilmani K, Rana NP, Prakasam N, Dwivedi YK. The battle of brain vs. heart: a literature review and meta-analysis of
“hedonic motivation” use in UTAUT2. Int J Inf Manage. Jun 2019;46:222-235. [doi: 10.1016/j.ijinfomgt.2019.01.008]

56. Ben Arfi W, Ben Nasr I, Khvatova T, Ben Zaied Y. Understanding acceptance of eHealthcare by IoT natives and IoT
immigrants: an integrated model of UTAUT, perceived risk, and financial cost. Technol Forecast Soc Change. Feb
2021;163:120437. [doi: 10.1016/j.techfore.2020.120437]

57. Cajita MI, Hodgson NA, Budhathoki C, Han HR. Intention to use mHealth in older adults with heart failure. J
Cardiovasc Nurs. 2017;32(6):E1-E7. [doi: 10.1097/JCN.0000000000000401] [Medline: 28248747]

58. Huang W, Ong WC, Wong MKF, et al. Applying the UTAUT2 framework to patients’ attitudes toward healthcare task
shifting with artificial intelligence. BMC Health Serv Res. Apr 11, 2024;24(1):455. [doi: 10.1186/s12913-024-10861-z]
[Medline: 38605373]

59. Yogman MW, Eppel AM. The role of fathers in child and family health. In: Handbook of Fathers and Child
Development. Springer; 2022:15-30. [doi: 10.1007/978-3-030-75645-1_2]

60. Lachman JM, Zinzer P, Vyas S, Vallance I, Calderon F, Ambrosio MDG, et al. ParentText optimisation study—a
factorial randomised controlled trial to optimise user engagement in a chatbot-led parenting intervention in South Africa:
study protocol for the parent text optimisation trial. Open Science Framework. 2023. URL: https://osf.io/wfxne

Abbreviations
DHIs: digital health interventions
DHEM: Digital Health Engagement Model
CHAMP: Children and Adolescents Are My Priority
m2m: mothers2mothers
CONSORT-EHEALTH: Consolidated Standards of Reporting Trials of Electronic and Mobile Health Applications
and Online Telehealth
VIF: variance inflation factor

JMIR PEDIATRICS AND PARENTING Ambrosio et al

https://pediatrics.jmir.org/2025/1/e76992 JMIR Pediatr Parent 2025 | vol. 8 | e76992 | p. 15
(page number not for citation purposes)

https://doi.org/10.14569/IJACSA.2018.090819
https://doi.org/10.2196/17588
http://www.ncbi.nlm.nih.gov/pubmed/32673249
https://doi.org/10.1089/tmj.2016.0224
https://doi.org/10.1089/tmj.2016.0224
http://www.ncbi.nlm.nih.gov/pubmed/28051761
https://doi.org/10.2147/JHL.S226341
http://www.ncbi.nlm.nih.gov/pubmed/31807107
https://doi.org/10.1176/appi.psy.50.6.613
http://www.ncbi.nlm.nih.gov/pubmed/19996233
https://doi.org/10.1177/0265407595123009
https://doi.org/10.1007/s11121-007-0070-9
http://www.ncbi.nlm.nih.gov/pubmed/17549635
https://doi.org/10.1111/biom.13372
http://www.ncbi.nlm.nih.gov/pubmed/32920819
https://doi.org/10.3102/0013189X004010007
https://doi.org/10.3102/0013189X004010007
https://doi.org/10.12691/ajams-8-2-1
https://doi.org/10.12691/ajams-8-2-1
https://doi.org/10.2196/jmir.1923
http://www.ncbi.nlm.nih.gov/pubmed/22209829
https://doi.org/10.1186/s12913-024-11378-1
http://www.ncbi.nlm.nih.gov/pubmed/39097725
https://doi.org/10.1016/j.ijinfomgt.2019.01.008
https://doi.org/10.1016/j.techfore.2020.120437
https://doi.org/10.1097/JCN.0000000000000401
http://www.ncbi.nlm.nih.gov/pubmed/28248747
https://doi.org/10.1186/s12913-024-10861-z
http://www.ncbi.nlm.nih.gov/pubmed/38605373
https://doi.org/10.1007/978-3-030-75645-1_2
https://osf.io/wfxne
https://pediatrics.jmir.org/2025/1/e76992


Edited by Sherif Badawy; peer-reviewed by Juliet Igboanugo, Shukun Yang; submitted 06.05.2025; final revised version
received 30.06.2025; accepted 17.08.2025; published 22.09.2025

Please cite as:
Ambrosio MDG, Vyas S, Stromin J, Lusinga S, Zinzer P, Brukwe K, Makhanya Z, Gwebu H, Schley A, Markle L, Stern D,
Facciolà C, Melendez-Torres GJ, Gardner F, Lachman JM
Exploring the Association Between Behavioral Determinants and Intention to Use a Chatbot-Led Parenting Intervention by
Caregivers of Adolescent Girls in South Africa: Cross-Sectional Study
JMIR Pediatr Parent 2025;8:e76992
URL: https://pediatrics.jmir.org/2025/1/e76992
doi: 10.2196/76992

© Maria Da Graca Ambrosio, Seema Vyas, Juliet Stromin, Shallen Lusinga, Paula Zinzer, Kanyisile Brukwe, Zamakhanya
Makhanya, Hlengiwe Gwebu, Anne Schley, Laurie Markle, David Stern, Chiara Facciolà, G J Melendez-Torres, Frances
Gardner, Jamie M Lachman. Originally published in JMIR Pediatrics and Parenting (https://pediatrics.jmir.org), 22.09.2025.
This is an open-access article distributed under the terms of the Creative Commons Attribution License (https://creativecom-
mons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work, first published in JMIR Pediatrics and Parenting, is properly cited. The complete bibliographic information, a link to the
original publication on https://pediatrics.jmir.org, as well as this copyright and license information must be included.

JMIR PEDIATRICS AND PARENTING Ambrosio et al

https://pediatrics.jmir.org/2025/1/e76992 JMIR Pediatr Parent 2025 | vol. 8 | e76992 | p. 16
(page number not for citation purposes)

https://pediatrics.jmir.org/2025/1/e76992
https://doi.org/10.2196/76992
https://pediatrics.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://pediatrics.jmir.org
https://pediatrics.jmir.org/2025/1/e76992

	Exploring the Association Between Behavioral Determinants and Intention to Use a Chatbot-Led Parenting Intervention by Caregivers of Adolescent Girls in South Africa: Cross-Sectional Study
	Introduction
	Background
	Measuring the Behavioral Determinants of Engagement
	The DHEM
	South African Context
	Study Objectives

	Methods
	Study Design and Setting
	Eligibility Criteria
	Data Collection Procedures
	Digital Health Intervention
	Measures of Behavioral Determinants
	Moderators
	Statistical Analyses
	Ethical Considerations

	Results
	Caregiver Baseline Characteristics
	Descriptives of Behavioral Determinants and Intention
	Psychometric Properties of Behavioral Determinants Measure
	Association Between Behavioral Determinants and Intention to Use
	Moderator Analyses

	Discussion
	Evidence From the Theoretical Framework
	Implication of Results in the South African Context
	Study Strengths and Limitations
	Future Directions
	Conclusions



