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Abstract

Background: Despite progress in childhood vaccination, many children in low- and middle-income countries, including Ethiopia,
remain unvaccinated, presenting a significant public health challenge. The Immunization Agenda 2030 (IA2030) seeks to halve
the number of unvaccinated children by identifying at-risk populations, but effective strategies are limited. This study leverages
machine learning (ML) to identify Ethiopian children aged 12-35 months who are at higher risk of being zero dose (ZD). By
analyzing demographic, socioeconomic, and health care access data, the study developed predictive models using different
algorithms. The findings aim to inform targeted interventions, ultimately improving vaccination coverage and health outcomes.

Objective: This study aimed to develop an ML model to predict ZD children and to identify the most influential predictors of
ZD in Ethiopia.

Methods: We examined how well the predictive algorithms can characterize a child at risk of being ZD based on predictor
variables sourced from the recent National Immunization Evaluation Survey data. We applied supervised ML algorithms with
the survey datasets, which included 13,666 children aged 12-35 months. Model performance was assessed using accuracy, area
under the curve, precision, recall, and F1-score. We applied Shapley Additive analysis to identify the most important predictors.

Results: The Light Gradient Boosting Machine (LGBM), Random Forest, Extreme Gradient Boosting (XGBoost), and AdaBoost
classifiers effectively identified most ZD children as being at high risk. Among these, LGBM demonstrated the best performance,
achieving an accuracy of 93%, an area under the curve of 97%, a precision of 94%, and a recall of 91%. The most significant
features impacting the model included poor perception of vaccination benefits, lack of antenatal care utilization, distance from
immunization services, and absence of maternal tetanus toxoid vaccinations.

Conclusions: The developed ML models effectively predict children at risk of being ZD, with the LGBM model showing the
best performance. This model can guide targeted interventions to reduce ZD prevalence and address vaccination inequities. Key
predictors include access to immunization sites, maternal health service utilization, and perceptions of immunization benefits.
By focusing on these vulnerable groups, public health efforts can tackle disparities in vaccination coverage. Enhancing maternal
care, raising caregiver awareness, and improving immunization access through outreach can significantly reduce the number of
ZD children.

(JMIR Pediatr Parent 2026;9:e76712)   doi:10.2196/76712
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Introduction

Child immunization is a cornerstone of public health, essential
for safeguarding against life-threatening diseases and promoting

the health of future generations [1]. Globally, significant
advancements have been made in immunization programs,
resulting in higher coverage rates [2] and a corresponding
decline in vaccine-preventable disease [3]. However, as of 2023,
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approximately 14.5 million children worldwide didn’t receive
the first dose of diphtheria, tetanus, and pertussis (DTP1)
containing vaccines [4], a widely used indicator of access to
immunization services [5]. This high number of zero-dose (ZD)
children continues to be a pressing issue, intensifying health
inequalities and heightening the likelihood of
vaccine-preventable disease outbreaks [6]. These ZD children
remain at high risk, creating considerable hurdles for public
health efforts [7-9].

In a substantial portion of these ZD children, about 60% are
concentrated in 10 low- and middle-income countries, including
Ethiopia. Despite notable achievements in improving
immunization coverage in Ethiopia, the country ranks third
globally for ZD children, following Nigeria and India,
accounting for 6% of the world’s total [4].

Addressing the issue of children at risk of becoming ZD has
emerged as a priority on both national and global agendas [10].
The Immunization Agenda 2030 (IA2030), endorsed by the
World Health Assembly in November 2020, aims to reduce the
number of ZD children by ensuring that every child is reached
by 2030 [5]. However, effectively identifying and reaching these
at-risk children poses significant operational challenges, and
little is known about what strategies perform best.

Research in Ethiopia has identified various predictors of low
immunization uptake, including low education levels and low
wealth index [11-13], rural residence [12,14], limited access to
health services [15,16], lack of antenatal care (ANC) and
postnatal care (PNC) [13,15-18], home deliveries [13-16],
absence of maternal tetanus toxoid (TT) vaccination [12,19],
and poor caregiver knowledge [16]. However, there is a lack of
evidence regarding how well these factors predict ZD status
specifically and which factors are most relevant for optimal
prediction.

Recent advancements in data science, coupled with available
routine immunization data, present new opportunities to identify
and reach at-risk children at both subnational and individual
levels. Developing a robust algorithm to predict ZD children
based on a set of variables could provide a valuable foundation
for tailored interventions. Machine learning (ML) has emerged
as a transformative tool in public health research particularly
suited for this task which can capture complex relationships
and interactions between variables [20-22]. Unlike traditional
statistical methods that rely on predefined hypotheses, ML
models can autonomously identify patterns and relationships
within large datasets by learning from data rather than making
prior assumptions [20,23,24]. This capability is particularly
useful for multifactorial issues such as immunization uptake
[25].

Using rule-based ML models can uncover hidden relationships
among determinants of ZD children in large datasets, often
represented through “if-then” statements that illustrate
connections between variables [26]. This application of ML
bridges the gap between theoretical research and practical
applications, leading to advancements in the health care field
[27].

This study aims to use ML algorithms to predict which Ethiopian
children aged 12-35 months are at higher risk of being ZD and
assess the predictive capabilities of the developed models.
Findings from this study may provide actionable insights for
policy makers and immunization program actors, informing the
development of targeted strategies to effectively identify and
reach those most at-risk children.

Methods

Study Design
The data for this study were sourced from the recent National
Immunization Evaluation Survey in Ethiopia, which provides
nationwide representation [28]. The survey included 11 regions
and the 2 city administrations. A 2-stage stratified cluster
sampling technique was used to select participants. The first
stage is the enumeration areas (EAs), which served as clusters,
randomly chosen with an urban-rural stratification approach,
and the second stage is households within each EA. Sampling
frames were prepared for each region and city administrations
by the Ethiopian Statistical Services. The number of EAs
required per region and city administration was determined
based on the size within the stratum (study regions) and
proportion of the Ethiopia population living in urban and rural
areas (21.4% urban and 78.6% rural). A total of 468 EAs were
randomly selected, comprising 100 from urban areas and 368
from rural regions, resulting in a total sample size of
approximately 13,666 households with children aged 12‐35
months.

We extracted information on immunization status for children
aged 12‐35 months. The vaccination status of children was
assessed using 3 sources of information: caregiver reports,
home-based vaccination cards, and facility-based records,
following World Health Organization guidelines [29]. If a
mother or a caregiver presented an immunization card, the
child’s vaccination status was assessed from that card. In cases
where the card was unavailable, data collectors were instructed
to verify the information at the nearest health facility if the
caregiver reported that their child had been vaccinated. The
mother’s or caregiver’s self-reports were considered only when
neither the immunization card nor the facility records were
available.

Using the operational definition set by Gavi, we defined a
variable ZD status for each child, which is set to 1 if the child
did not receive the first dose of the diphtheria, TTs, and
pertussis-containing vaccine (DPT1), and set 0 otherwise
[30,31].

We included a set of predictor variables or features to capture
characteristics that have been associated with ZD status (Table
1). The factors influencing the outcome of interest are grouped
into 3 groups: socioeconomic and demographic variables, health
service utilization, and perceptions and attitudes. The first group
of socioeconomic and demographic variables encompasses
individual, household, and community-level characteristics that
may affect the outcome of interest. The health service utilization
represents the access to and use of various health care services,
which can impact immunization status. The third category
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focuses on the perceptions or attitudes that individuals or
caregivers have toward the benefits of immunization. All the 3

categories of the variables gathered during the survey.

Table . The predictor variables used for analysis were extracted from the recent National Immunization Evaluation Survey in Ethiopia, 2023.

Response/type of dataDescriptionCategory

Socioeconomic and demographic factor

Categorical (urban and rural)Type of living arrangement    Residency

Nominal (eg, Afar, Amhara...)Geographic area of residence    Region

Nominal or categorical (orthodox, Muslim,
protestant, and others)

Cultural beliefs influencing health behaviors    Religion

Categorical (married and living together, married,
married but not living together, and not in marital
union)

Relationship status of the mother or the caregiver    Marital status

Categorical (no, primary, secondary, and higher
education)

Level of formal education attained    Mother’s or caregiver’s educational status

Nominal categorical dataEmployment status and type of work    Occupation of mothers or caregivers

Categorical (first, second, third, and fourth and
above)

Position of a child in relation to their siblings
within a family

    Birth order

Categorical (poor, middle, and rich)Measures economic status    Wealth index

Health service utilization

Categorical (Yes/No)History of ANC visits for the index child    ANCa follow-up

Categorical (Yes/No)Previous vaccinations received    History of maternal tetanus diphtheria vaccine

Categorical (“big problem,” “not a problem”)Perceived impact of distance on immunization
access

    Distance to immunization site

Categorical (Home/Facility)Location where the child was born    Place of delivery

Categorical (Yes/No)Follow-up care received after childbirth    Postnatal care

Perceptions and attitudes

Was Likert (categorized into poor or good)Beliefs regarding the advantages of vaccination    Mother’s or caregiver’s perceived benefits on
immunization

Categorized into poor or goodThe belief of mothers or caregivers on the ser-
vices provided

    Trust in health care provider

aANC: antenatal care.

Data Preprocessing and Transformation
We implemented several preprocessing steps to enhance model
performance. First, we addressed missing values in the
independent variables using the k-nearest neighbor approach.

We then transformed categorical variables into numerical format
through one-hot encoding, which is essential for preparing data
for ML models. To standardize feature ranges, we applied
minimum-maximum scaling and mean normalization, ensuring
comparability among features (Figure 1).
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Figure 1. Data preparation and analysis steps for zero-dose children prediction. AUC: area under the curve; LGBM: Light Gradient Boosting Machine.

We conducted sampling weight as instance weights during the
training process for all algorithms. This was done by using the
sample_weight parameter in the model’s fitting functions, which
adjusts the influence of each observation based on its probability
of selection.

Next, we conducted a correlation analysis to identify and remove
highly correlated features, thereby reducing multicollinearity

and enhancing model robustness. Our correlation matrix showed
a strong relation between parity and birth order (Figure 2),
leading us to compute mutual information scores for each
variable (Figure 3). This analysis highlighted ANC utilization
and TT vaccination as significant predictors, while features such
as marital status were excluded due to their minimal information
value. Consequently, we retained birth order and omitted parity
based on their scores.
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Figure 2. Correlation analysis matrix for predictor variables for zero-dose children, Ethiopia, 2023. ANC: antenatal care; PNC: postnatal care; TT:
tetanus toxoid.

Figure 3. Mutual information score of predictor variables for zero-dose children, Ethiopia, 2023. ANC: antenatal care; PNC: postnatal care.
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For dimensionality reduction, we used Forward Selection,
Backward Elimination, and Recursive Feature Elimination
methods. We opted for Recursive Feature Elimination due to
its effectiveness in identifying the most significant predictors
while simplifying the dataset. To address class imbalance, we
applied the Synthetic Minority Oversampling Technique, which
balanced the dataset from an initial skew of 82% majority and
18% minority to an equal distribution. This balancing supports
the development of robust predictive models and mitigates bias
toward the majority class (Multimedia Appendix 1).

Model Development
After the preprocessing, we split the dataset into 80% for
training and 20% for testing (Figure 1). To avoid overfitting
and underfitting, we applied 10-fold cross-validation, dividing
the data into 10-folds and using one for validation while training
on the others. The final performance is averaged across all folds.

The outcome variable, known as the class, is a binary variable
indicating ZD status. A ZD status of 1 denotes a ZD child, while
0 indicates a non-ZD child. We applied supervised learning
algorithms to develop a model from the training data to
accurately predict this outcome in the test data.

Given the categorical nature of the outcome variable, we used
7 classical classification algorithms: AdaBoost Classifier [32],
Logistic Regression [33], Naive Bayes, Random Forest (RF)
[34], Light Gradient Boosting Machine (LGBM) [35], Extreme
Gradient Boosting (XGBoost) [35], and Decision Tree [36].
These models generate a predicted score between 0 and 1 for
each child, which is then classified as ZD or non-ZD based on
a defined threshold. Following the initial model comparison,
hyperparametric tuning was conducted to further optimize the
performance of the best performing algorithm using a
RandomizedSearchCV with cross-validation. The search
involved 100 iterations with each hyperparameter combination
evaluated using 5-fold cross-validation. Finally, the performance

of each model was tested before and after balancing the dataset
to choose the best predictive model. The model comparison was
carried out using the balanced dataset.

Model Evaluation
We evaluated model performance using both train-test split and
cross-validation techniques, emphasizing both discrimination
and calibration metrics to compare our classification of ZD
status against the true ZD status of each child. Discrimination
metrics included accuracy, precision, recall (sensitivity),
F1-score, and area under the curve and area under the receiver
operating characteristic curve. Accuracy reflects the proportion
of correctly classified instances among all tested cases [37],
while precision indicates the ratio of true-positive predictions
to all positive predictions [38]. Recall measures the proportion
of actual positive cases that the model successfully identifies
[39], and the F1-score provides a balanced assessment of model
performance, particularly useful in scenarios with class
imbalances. In our application, as the objective is to assess the
ability of a model to distinguish between positive and negative
classes, area under the curve and area under the receiver
operating characteristic curve emerged as the most critical
measure, as it evaluates the model’s ability to effectively
distinguish between positive and negative classes by analyzing
the trade-off between sensitivity and specificity [40].

In addition to discrimination metrics, we performed calibration
to examine how well the predicted probabilities align with actual
outcomes. While a model can demonstrate good discrimination,
it may still exhibit biases in its risk predictions [41]. Calibration
is essential to ensure that predicted probabilities accurately
reflect the likelihood of outcomes. To visualize this alignment,
we used calibration curves, which plot predicted probabilities
against observed results (Figure 4). An ideally calibrated model
would form a 45-degree diagonal line, signifying that predicted
probabilities correspond closely to actual outcomes [42].
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Figure 4. Calibration plot.

Important Feature Selection
Our second objective is to identify the most important predictors
of ZD children. To achieve this, we used the best-performing
ML model to determine the key features associated with
identifying ZD cases. We used a unified framework developed
by Lundberg and Lee [43], known as SHAP (SHapley Additive
Explanations). This approach is based on Shapley values from
cooperative game theory, which assign a value to each feature
based on its contribution to the prediction, taking into account
all possible combinations of features [44]. A waterfall plot is
then created to visualize the cumulative effect of individual
features on specific predictions, illustrating how each feature
influences the final output. In addition, a beeswarm plot
summarizes the distribution of SHAP values across multiple
instances, revealing the variability and significance of feature
contributions.

Rule Generation
We used rule mining techniques to uncover patterns and
relationships within our dataset. We used association rule mining
to identify correlations between features through Apriori
algorithms [45]. In addition, we applied classification rule
mining to generate rules that predict class labels, aiding in the
identification of key predictors for ZD children, and explored
sequential rule mining to capture temporal patterns where
relevant. Following the mining process, we generated actionable
insights by formulating human-readable rules that outline

conditions (antecedents) and outcomes (consequents) [46]. We
assessed the quality of these rules using metrics such as
confidence and lift to ensure their reliability and relevance [47].

Ethical Considerations
The research was implemented in compliance with national and
international ethical principles. The University of Gondar has
provided ethical approval (CMHSSH-UOG IRERC/3/7/2024)
to conduct this analysis. For this analyses we used the existing
data with primary consent. We used deidentified data (summary
data without individuals’ identity) to ensure confidentiality. We
followed the international standard of strengthening the reporting
of cross-sectional studies in epidemiology.

Results

Children’s and Mothers’ or Caregivers’
Characteristics
A total of 13,666 samples of children aged from 12 to 35 months
were included for analysis. Nearly 57% (7727/13,666) of the
children were younger than 24‐35 months. The majority
(10,204/13,666, 74.7%) of the children were from mothers or
caregivers who live in rural areas. Half (6986/13,666, 51.1%)
of the children were born from mothers who had not had formal
education. More than half (6757/12,419, 54.4%) of the children
were from mothers who had no PNC follow-up for the index
children. The details are shown in Table 2.
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Table . Sociodemographic and economic characteristics of mothers or caregivers of children aged 12‐35 months in Ethiopia, 2023 (N=1366).

PercentageFrequencyVariables

Age of the child

43.55934    12‐23 months

56.57727    24‐35 months

Place of residency

74.710,204    Rural

25.33462    Urban

Religion

32.44430    Orthodox

45.26158    Muslim

21.52944    Protestant

1.0134    Othersa

Educational status

51.16986    No education

28.33870    Primary

13.21798    Secondary

7.41012    College and above

Wealth status

33.44558    Poor

33.44566    Middle

33.24542    Richer

Marital status

93.412,765    Married and living together

2.6352    Married but not living together

4.0549    Not in marital union

Birth order

29.64043    First

35.34830    Second

19.32639    Third

15.82154    Fourth and above

Parity

20.12499    Primipara

52.96573    Multipara (2-4)

27.03346    Grand multipara (5+)

Perceived distance to health facility

38.45251    Big problem

61.68415    Not big problem

Perceived benefit on immunization

19.32502    Poor

80.710,471    Good

ANCb visit

83.310,345    Yes
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PercentageFrequencyVariables

16.72074    No

Place of delivery

30.63807    Home

69.48612    Health facility

PNCc

45.65662    Yes

54.46757    No

aOthers: Catholic, traditional, and others.
bANC: antenatal care.
cPNC: postnatal care.

ZD Prevalence
The overall prevalence of ZD in Ethiopia was 18% (95% CI
17.4%‐18.7%). There were regional variations in the

prevalence of ZD children. The higher prevalence was observed
in Somali (38.8%), Afar (34.2%), and followed by Oromia
(22.7%), and the lowest observed in Addis Ababa (0.8%) and
Dire Dawa (5 %) (Figure 5).

Figure 5. Distribution of zero-dose children aged 12‐35 months across regions in Ethiopia 2023. SNNP: Southern Nations, Nationalities, and Peoples'..

Performance of the Prediction Models
Seven ML algorithms were used to predict ZD status in Ethiopia,
with the LGBM yielding the best performance for both
unbalanced and balanced datasets (Table 3). It achieved
accuracies of 89% and 93% for the unbalanced and balanced

datasets, respectively. Most models showed improved accuracy
when applied to the balanced dataset, except for Logistic
Regression and Naive Bayes. After balancing the data, both
XGBoost and LGBM reached an accuracy of 93%. Notably,
the LGBM classifier excelled in terms of area under the curve
(AUC) (98%) and sensitivity (92%).
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Table . Model performance comparison before and after dataset balancing for predicting zero-dose children in Ethiopia, 2023.

F1-scoreSensitivityPrecision (%)AUCa (%)Accuracy (%)Models and dataset

Logistic Regression

5948778888    Unbalanced

8077838981    Balanced

Naïve Bayes

6163598785    Unbalanced

7773828779    Balanced

LGBMb Classifier

6353798889    Unbalanced

9291949793    Balanced

DTc Classifier

5751647586    Unbalanced

8887909189    Balanced

Random Forest Classi-
fier

6152708587    Unbalanced

9190919691    Balanced

XGBoost Classifier

6152758788    Unbalanced

9290949793    Balanced

AdaBoost Classifier

5846778888    Unbalanced

8786899588    Balanced

aAUC: area under the curve.
bLGBM: Light Gradient Boosting Machine.
cDT: Decision Tree.

Overall, while all ML models performed well on both datasets,
those trained on balanced data especially XGBoost and LGBM
proved to be more effective in identifying ZD children due to
their higher recall and AUC. A comprehensive comparison of
the ML algorithms used for ZD children is detailed in Table 3.

After the hyperparameter optimization conducted, the LGBM
model achieved robust performance, with an accuracy of 92.4,
an AUC of 97.4%, a precision of 93.2%, and a recall of 90.9%.
The details are shown in Table 4.

Table . Model performance after hyperparameter tuning for predicting zero-dose children in Ethiopia, 2023.

F1-score (%)Recall (%)Precision (%)AUCa (%)Accuracy (%)Model

79.676.982.589.180.8Logistic Regression

77.373.18287.379.1Naive Bayes

91.390.691.996.791.6Random Forest

91.889.893.997.392.2XGBoost

89.287.890.696.289.6AdaBoost

92.190.993.297.492.4LGBMb

89.689.789.594.589.9Decision Tree

aAUC: area under the curve.
bLGBM: Light Gradient Boosting Machine.
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After parameter tuning, the models were further evaluated using
10-fold cross-validation, where XGBoost and LGBM

demonstrated comparable accuracies of 93% (Figure 6).

Figure 6. Accuracy of models in 10-fold cross-validation after balancing the dataset for predicting zero-dose children in Ethiopia, 2023. LGBM: Light
Gradient Boosting Machine.

Predicting ZD
After building the model by using the training dataset, the
performance of the LGBM model was evaluated by the testing
dataset. From 2181 ZD children, the model predicted 1991
children correctly (true positive), and out of 2300 non-ZD
children, the model predicted 2175 children correctly (true
negative). However, the model incorrectly classified 190 ZD
samples as non-ZD (false positive) and 125 non-ZD samples
as ZD (false negative). The Matthews correlation coefficient
was r=0.85 and Cohen κ=0.85. Overall, the model predicted

with an accuracy of 93%, recall of 91%, F1-score of 92%, and
94% precision on test data.

Feature Importance
The Shapley Additive analysis identified that mother’s or
caregiver’s perception of benefit of immunization (+1.13), with
whether the distance to immunization site (+0.88), whether the
mother received ANC (+0.55), whether the mother received TT
(+0.42), and whether trust in health providers (0.41) were the
most important features followed by place of residence (+0.35),
and PNC visit (+0.25). Wealth index, birth order, and place of
delivery were the features with low importance (Figure 7).
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Figure 7. Important features for predicting zero-dose children in Ethiopia, 2023. ANC: antenatal care; PNC: postnatal care; SHAP: SHapley Additive
Explanations.

The waterfall chart demonstrates how various factors influence
the prediction of ZD vaccination status, starting from a baseline
expected value of (E[f(X)]=0.023) and culminating in a final
prediction of f(x)=4.655) indicating that the child is ZD. This
indicated that poor perceptions of vaccination benefits, long

distances to immunization sites, lack of antenatal and postnatal
care visits, absence of TT vaccination, and low trust in health
care providers are positively correlated with ZD. Conversely,
being in a medium wealth index and having a third birth order
is negatively correlated with ZD (Figure 8).
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Figure 8. Waterfall plot of first observation value to predict zero-dose children in Ethiopia, 2023. ANC: antenatal care; PNC: postnatal care.

.

As shown in Figure 9, the beeswarm plot illustrates the impact
of various predictor variables on ZD status, with distinct colors
representing risk levels: red dots indicate high-risk values, while
blue dots denote low-risk values for the predictor variables. The
feature of perception exhibits a wide range of SHAP values,
highlighting its significant influence on the model’s predictions.
A poor perception of the benefits of vaccination notably

increases the likelihood of a child being classified as ZD. In
addition, distance from health care facilities is strongly
associated with ZD status, where far distances correlate with a
higher likelihood of being unvaccinated. Other contributing
factors include a lack of ANC visits, PNC visits, TT vaccination,
low wealth index, low trust in health care providers, and home
delivery, all of which contribute to the prediction of the positive
class (ZD).
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Figure 9. Zero-dose predictors for Light Gradient Boosting Machine model. SHAP summary plot of top predictors. ANC: antenatal care; PNC: postnatal
care; SHAP: SHapley Additive Explanations.

Rule Generation
The rule generation process was done based on important
attributes selected by the best performing ML model LGBM.
Moving beyond individual feature importance, we used
association rule mining to identify complex, multifactorial
profiles of ZD children and to rigorously validate the interactions
suggested by the SHAP analysis. This generated a set of
human-interpretable “if then” rules, each validated by key
metrics: support (prevalence of the rule in the data), confidence
(conditional probability of the outcome), and lift (strength of
the association above random chance). The rule generation
process was done based on important attributes selected by the
best performing ML model LGBM. The strongest rule (rule 1:
lift = 2.17, confidence = 0.90) indicates that children whose
caregivers live far from a health facility and have a poor

perception of vaccination benefits have a 90% probability of
being ZD, a risk 2.17 times higher than random. Rule 2
(confidence = 0.81) shows that combining distance with a lack
of ANC and poor trust in providers creates another high-risk
pathway, while rule 5 (confidence = 0.79) highlights the potent
combination of no tetanus vaccination, no ANC, and distance.
Crucially, these rules reveal critical synergies, while SHAP
identified “distance” and “ANC” as top individual predictors,
rule mining quantified how their combination with other factors
(eg, rule 8: no ANC + Far distance, confidence = 0.72) creates
a risk profile with a distinctly high probability of the outcome.
This provides programmatically actionable insights,
demonstrating that interventions must target these intersecting
barriers simultaneously rather than in isolation to effectively
reach ZD children. A total of 9 association rules were generated,
and the details of the rules are shown in Textbox 1.
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Textbox 1. Rule generation and knowledge extraction.

##Rule## 1: Distance from facility_far, Perception in benefit_Poor -> Zerodose_Yes

Support: 0.10897435897435898, Lift: 2.1738917080243128, Confidence: 0.9037974683544304

##Rule## 2: Distance from facility_far, Trust in healthcare provider_Poor, Anc visit_No -> Zerodose_Yes

Support: 0.10134310134310134, Lift: 1.947695283120232, Confidence: 0.8097560975609757

##Rule## 3: Perception in benefit_Poor -> Zerodose_Yes

Support: 0.15262515262515264, Lift: 1.9211552265274243, Confidence: 0.7987220447284347

##Rule## 4: Perception in benefit_Poor, Place Residence_rural -> Zerodose_Yes

Support: 0.10103785103785104, Lift: 1.9138215859030838, Confidence: 0.795673076923077

##Rule## 5: Received TT_No, Distance from facility_far, Anc visit_No -> Zerodose_Yes

Support: 0.13064713064713065, Lift: 1.9099490817552491, Confidence: 0.7940630797773656

##Rule## 6: Received TT_No, Distance from facility_far, Place delivery_Home -> Zerodose_Yes

Support: 0.12606837606837606, Lift: 1.7738986784140967, Confidence: 0.7374999999999999

##Rule## 7: PNC visit_Yes, Distance from facility_far, Anc visit_No -> Zerodose_Yes

Support: 0.10073260073260074, Lift: 1.7406677486668212, Confidence: 0.7236842105263158

##Rule## 8: Distance from facility_far, Anc visit_No -> Zerodose_Yes

Support: 0.17918192918192918, Lift: 1.736658159533137, Confidence: 0.7220172201722017

##Rule## 9: Distance from facility_far, Anc visit_No, Place Residence_rural -> Zerodose_Yes

Support: 0.1108058608058608, Lift: 1.7019862431408919, Confidence: 0.7076023391812866

Discussion

Principal Findings
Using the data from the most recent National Immunization
Evaluation Survey in Ethiopia, we applied different supervised
machine algorithms to assess how well the models predict
whether a child is likely to be ZD and to identify the important
predictor variables. We trained and compared 7 ML classifiers
on both unbalanced and balanced datasets, using a train-test
split, hyperparameter tuning, and 10-fold cross-validation for
robust evaluation. A variety of socioeconomic, demographic,
and health-related factors were included to enhance the model’s
predictions and facilitate important feature selection.

Our findings demonstrate that these ML algorithms are effective
in identifying children at high risk of being ZD. Among the 7
models tested, LGBM emerged as the top performer, achieving
an AUC of 97.4%, recall of 90.9%, accuracy of 92.4%, precision
of 93.2%, and an F1-score of 92.1%. These evaluation metrics
underscore the model’s strong capability in predicting ZD
children. The high AUC indicates the model’s effectiveness in
distinguishing between children who receive immunization
services and those who do not. Notably, a recall of 90.9%
signifies that the model successfully identifies 90.9% of ZD
children, who are often at greater risk for missing vaccines and
vaccine-preventable diseases.

In addition to LGBM, both XGBoost and RF algorithms
performed well, each achieving an accuracy of 92.2% and
91.6%, respectively. These results are consistent with previous
studies that recognized XGBoost [48] and RF [49] as top
performers in similar contexts. While these metrics indicate
robust performance for critical health issues such as

immunization, it is crucial to validate the model in real-world
settings. Such testing will enhance its utility as a tool for guiding
public health initiatives aimed at increasing vaccination rates
and improving access to essential health care services for
unvaccinated children.

Using an ML model, health care workers can pinpoint specific
households and communities with ZD children, allowing them
to shift from broad campaigns to targeted household visits. By
leveraging the model’s insights on local perceptions and
socioeconomic barriers, they can tailor their communication
and services, such as setting up mobile clinics, to overcome
specific challenges and efficiently use scarce resources, ensuring
that vaccines reach those most in need.

The second objective of the study was to identify important
attributes that could predict ZD among children aged 12‐35
months. Using SHAP analysis, the study found that perception
of immunization benefit, ANC utilization, distance from
vaccination site, maternal TT vaccination status, and trust in
health providers were the most important features to identify
at-risk children for ZD.

The top predictor was poor maternal perception with a SHAP
value of 1.13 (Figure 7). This indicates that a negative
perception of mothers or caregivers increases the likelihood of
a child being ZD, likely because parental beliefs directly
influence health care decisions regarding vaccination. This
finding aligns with previous studies showing that parental beliefs
and attitudes significantly affect a child’s vaccination status
[50,51].

ANC utilization was another important feature, with a SHAP
value of 0.55, indicating that a lack of ANC is strongly linked
to a child being ZD. This finding is in line with the previous
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similar studies done [48,52,53]. This could be due to the fact
that ANC visits enable mothers to access integrated health
services, be more likely to receive information on immunization
schedules, build trust in the health system, and improve
adherence to health services [54-56].

In addition, the study found several important predictors.
Maternal TT vaccination was a key factor; mothers who received
the TT vaccine were more likely to have their children
vaccinated, a finding consistent with studies from Sudan and
Bangladesh [57,58]. Postnatal care visit was another important
predictor. This service is likely gaining a better understanding
of vaccination importance and feeding practices, thus reducing
missed vaccinations [59,60]. In addition, maternal education
was an important predictor, with uneducated mothers having a
higher risk of ZD children than those with at least a primary
education, firming up the known link between maternal literacy
and vaccination rates and primary education. This finding is in
line with previous research linking maternal literacy to
vaccination completeness [61-65]. The other finding of this
study is rule mining and generation. Using association rule
mining with the Apriori algorithm, the study uncovered strong
relationships between various socioeconomic, demographic,
and health-related factors and ZD status. Key determinants,
including distance from health facility, perception of vaccination
benefits, trust in health care providers, ANC, place of delivery,
place of residency, and TT vaccines were the most important
features predicting ZD. Confidence levels for these findings
ranged from 71% to 90%, indicating robust associations.

Findings from association rule 1 indicated that the probability
of a child being ZD would be 90%, if and only if the mothers
or caregivers were far from the health facility and had poor
perception on immunization. This may be because mothers or
caregivers who are far from the facility may not have access to
health education directly or indirectly, affecting health-seeking
behavior and health service utilization such as vaccination. The
second rule also included poor trust in health care providers and
lack of ANC visits as predictors for ZD. A child ZD would be
80% if mothers or caregivers have trust in providers and had
no ANC follow-up for the index child.

Strengths and Limitations
This study had several strengths worth mentioning. We used
national-level survey data from 463 EAs ensuring
generalizability across the country and providing a current
snapshot of the ZD situation. A key strength is that our analysis
uses various ML algorithms from the field of data science, which
significantly aids in identifying and targeting ZD children more
effectively. These advanced analytical techniques allow us to
process large datasets and uncover insights that may not be
immediately apparent through traditional methods. At the same
time, this study identified the risk factors of ZD that may help
policy makers and planners to design tailored interventions to
identify and reach the unvaccinated children.

This study was subject to some limitations. First, although we
used national-level data, we did not include data from the Tigray
region, which is one of the administrative regions of the country,
due to security issues. Second, the study did not include health
system side predictors such as availability of vaccination
supplies and vaccines. Finally, we could not do external
validation for the modes due to the lack of real-world data.

Conclusions
The developed ML models effectively predict children at risk
of being ZD and identify associated risk factors. Among these
models, the LGBM model demonstrated the best performance
in predicting ZD children. Key features linked to ZD status
include access to immunization sites, maternal health service
utilization (such as antenatal and postnatal care, place of
delivery, and TT vaccination), and perceptions regarding
immunization.

By implementing ML models, public health interventions can
be more precisely targeted at the most vulnerable groups. This
approach may address inequities in vaccination coverage by
identifying specific sociodemographic, economic, and
health-related factors associated with ZD children.
Consequently, it aids in the formulation and implementation of
effective policies and strategies to improve vaccination rates.
Strengthening the continuum of care for mothers, raising
awareness among caregivers, and improving immunization
access through outreach strategies may help in reducing the
high burden of ZD children.
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Abstract

Background: The 42 days following childbirth are a high-risk period for birthing individuals and newborns. We created 2
rule-based chatbots, 1 for birthing individuals and 1 for newborn caregivers, to deliver information on postpartum and newborn
warning signs, follow-up care, and other relevant resources during this high-risk period.

Objective: This study aims to examine strategies for implementing the chatbot following discharge from a large hospital center,
initial chatbot reach, and subsequent reach after chatbot refinement based on end-user feedback.

Methods: Reach was defined as the number of users opening the chatbot out of those who received it. Birthing individuals’
demographic (age, ethnicity, race, language, and insurance type) and clinical characteristics (delivery method and prenatal care
location) and newborns’ time in the hospital were obtained from the medical record. Descriptive statistics, chi-square tests, and
multiple logistic regression models were used to analyze the association between demographic and clinical characteristics and
chatbot reach.

Results: Both chatbots were developed and revised based on clinician, community, and patient feedback. Overall, 65.9%
(4933/7489) of newborn caregivers discharged between October 2, 2022, and January 15, 2025, opened the newborn chatbot,
and 63.6% (4140/6505) of birthing individuals discharged between November 21, 2022, and January 15, 2025, opened the
postpartum chatbot. Older age (odds ratio [OR] 1.02, 95% CI 1.01-1.03), Black race (OR 0.73, 95% CI 0.61- 0.88; reference:
White), languages other than English or Spanish (OR 1.90, 95% CI 1.21-2.98; reference: English), receipt of prenatal care external
to the hospital system (federally qualified health center: OR 0.52, 95% CI 0.45-0.60; Kaiser: OR 0.34, 95% CI 0.29-0.39; reference:
within the hospital system), and public insurance (OR 0.72, 95% CI 0.64-0.82; reference: private insurance) were significant
predictors of postpartum chatbot reach. Older age (OR 1.02, 95% CI 1.01-1.03), Black race (OR 0.61, 95% CI 0.50-0.74; reference:
White), receipt of prenatal care external to the hospital system (federally qualified health center: OR 0.50, 95% CI 0.44-0.57;
Kaiser: OR 0.30, 95% CI 0.26-0.35; reference: within the hospital system), public insurance (OR 0.63, 95% CI 0.55-0.71) and
self-pay (OR 0.56, 95% CI 0.38-0.83; reference: private insurance), and newborn time in the hospital of 2‐4 days (OR 1.21,
95% CI 1.09-1.35; reference: less than 2 d) were significant predictors of newborn chatbot reach. Including a Spanish-language
version in the newborn chatbot improved reach among Spanish-preferring caregivers (from 58% to 66.2%), but additional chatbot
content revision and the addition of chatbot information to discharge paperwork did not change chatbot reach.

Conclusions: While there were differences in chatbot reach by patient demographics, the chatbot showed delivery of time-sensitive
information and support to >60% of individuals. This intervention demonstrated that chatbots can be used to supplement patient
care and help bridge the gaps in connecting patients to care and support after hospital discharge. Future work should address
additional ways to improve chatbot reach and explore the impact on targeted health outcomes.

(JMIR Pediatr Parent 2026;9:e81844)   doi:10.2196/81844
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Introduction

The 42-day period after childbirth is widely viewed as high-risk
both for the birthing individual and for the newborn [1-3].
Access to timely information about potential warning signs for
when to seek emergency care, along with proper follow-up care
and support, has the potential to improve maternal and infant
health outcomes after discharge from the hospital. Top causes
of death for birthing individuals in the 42-day period after
delivery are mental health conditions, cardiovascular conditions,
and infections [4], while top causes of mortality among infants
are birth defects, preterm birth and low birth weight, and sudden
infant death syndrome [5]. Previous work has cited the
importance of monitoring women post-delivery, with an
estimated 15% of severe maternal morbidity cases occurring
after discharge [6]. Furthermore, a prior randomized control
trial found that enhanced caregiver education via SMS text
messaging, timed to the infant’s age and most common reasons
for emergency department visits, reduced emergency department
visits in infants’ first year of life [7]. In recent years, SMS text
messaging services such as Text4Baby (National Healthy
Mothers, Healthy Babies Coalition and Voxiva) [8,9] and apps
such as BabyScripts (1EQ, Inc) [10,11] have been developed
to provide information to patients during the prenatal and
postpartum periods on maternal and infant health.

Chatbots are another mobile health (mHealth) strategy used to
deliver timely information. Maternal chatbots are an acceptable
and feasible strategy for postpartum and caregiving information
and support [12,13]. For example, Rosie is a chatbot that
leverages artificial intelligence (AI) to deliver personalized
assistance related to pregnancy, labor, postpartum care, and
newborn care [13,14]. Another chatbot, Dr. Joy, is an obstetric
and mental health-related question-and-answer knowledge-based
chatbot that also leverages AI for prenatal and postpartum care
[15]. While these chatbots are effective in disseminating relevant
health information among select patients, they have been
deployed in small trials, as opposed to part of standard of care.

We developed and piloted 2 rule-based chatbots (one for birthing
individuals and one for newborn caregivers) to provide timely
health information and resources, including connection to care.
This study aims to describe the process of developing and
piloting an mHealth program aimed at improving education on
postpartum and newborn warning signs and appropriate
connection to care and resources after hospital discharge. We
also aim to describe the chatbot reach (number of patients who
opened the chatbot out of those who received it) among patients
discharged from a large mid-Atlantic hospital that serves a
socioeconomically and racially diverse population overall. We
assessed reach after initial launch and after refining the chatbot
in response to patient feedback. We hypothesized that with each
chatbot refinement, there would be an improvement in reach.
Finally, we explored how individuals’demographic and clinical
factors were associated with reach for each chatbot.

Methods

Overview
This study was prepared in accordance with the iCHECK-DH
(Guidelines and Checklist for the Reporting on Digital Health
Implementations) [16].

Chatbot Development, Initial Implementation
Strategies, and Setting
The postpartum and newborn chatbots were developed as part
of a larger initiative, Safe Babies Safe Moms (SBSM), which
was aimed at reducing infant and maternal disparities in the
District of Columbia (DC) [17]. These chatbots were designed
with key goals of helping patients connect with care teams (eg,
information about recommended pediatric and postpartum
appointments, list of pediatricians in the area), educating them
on warning signs, and providing additional postpartum and
newborn information and resources (eg, breastfeeding and
wound healing after C-section) [18]. The chatbots operated on
a rule-based system with fixed logic for interaction (ie, patients
could not ask open-ended questions). Content was developed
by a multidisciplinary team of experts in obstetrics, pediatrics,
social work, psychiatry, mHealth, and health equity, designed
to meet the needs of diverse patients.

We created 2 separate chatbots to account for instances where
a birthing individual and newborn did not go home together
(eg, adoption, surrogacy, neonatal intensive care unit, or
postpartum complication) and provide appropriate information
at the appropriate time. Thus, within a nonprofit health care
system, caregivers of newborn patients discharged at a large,
mid-Atlantic hospital between August 29, 2022, and January
15, 2025, received the newborn chatbot, and birthing individuals
discharged between November 21, 2022, and January 15, 2025,
received the postpartum chatbot within 24 hours of hospital
discharge as standard of care. Individuals discharged after
January 15, 2025, did not receive the chatbots due to the funding
period ending.

The postpartum chatbot messages were sent in the morning,
delivering messages weekly for the first 42 days post-discharge
(Figure 1 and Multimedia Appendix 1). The newborn messages
started 24 hours after discharge, asked about whether a newborn
visit was scheduled, offered support and resources when the
caregiver answered no, and followed up with weekly
informational outreach messages. A total of 7 messages with
unique content were sent for the postpartum chatbot, and 5
messages were sent for the newborn chatbot. Each unique set
of chatbot content is referred to as an experience. The topics
included in each chatbot experience are listed in Table 1. In
short, topics included appointment reminders, warning signs,
nutrition recommendations, and developmental milestones for
newborns and postpartum care. Both postpartum and newborn
messages were sent as standard of care to all individuals who
delivered at the hospital, except for one community clinic that
opted to only implement the newborn chatbot because they
already had a postpartum follow-up process and did not want
to confuse patients. There was some content tailoring in the
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postpartum chatbot; for instance, birthing individuals who had a C-section received information about wound care.
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Table . Newborn and postpartum chatbot reach for caregivers and birthing individuals, and topics covered by each chatbot experience.

General reach by experience, n/N (%)Experiences and topics covered in the chatbota

Newborn chatbot experienceb

    Experience 1 (day 1 post discharge)

1757/4438 (39.6)        Original: pediatric appointment reminder; resources to address com-
mon challenges for scheduling an appointment (only offered to patients
without an appointment); parental leave

1285/2935 (43.8)        Revised: pediatric appointment reminder; resources to address com-
mon challenges for scheduling an appointment (offered to all patients);
parental leave

    Experience 2 (day 7)

930/4384 (21.2)        Original: pediatric warning signs; newborn sleep recommendations

652/2989 (21.8)        Revised: pediatric warning signs; newborn sleep recommendations
(added recommendations for premature newborns)

    Experience 3 (day 14)

973/4320 (22.5)        Original: newborn nutrition recommendations; resources for breast-
feeding and formula; food assistance program

691/3053 (22.6)        Revised: newborn nutrition recommendations; resources for breast-
feeding and formula; colic education; newborn bowel movement education;
food assistance program

    Experience 4 (day 28)

1104/4192 (26.3)        Original: newborn developmental milestones

886/3181 (27.9)        Revised: pediatric 1-month visit; tips for communicating with
providers; newborn developmental milestones; recommended activities
with newborns

    Experience 5 (day 38)

1608/4104 (39.2)        Original: recommended pediatric visits and vaccines

1126/3269 (34.4)        Revised: 2-month checkup and recommended vaccines; support
groups; resources for diapers and baby essentials

Postpartum chatbot experiencec

    Experience 1 (day 1 post discharge)

1336/3895 (34.3)        Original: postbirth warning signs; baby blues

907/2610 (34.8)        Revised: postbirth warning signs; baby blues and recommendations

    Experience 2 (day 3)

1317/3874 (34)        Original: postbirth warning signs; postpartum check-up; recovering
after a C-section; resources to address common challenges for scheduling
a postpartum check-up

846/2631 (32.2)        Revised: postbirth warning signs; postpartum recovery; recovering
and management after a C-section or vaginal birth; breastfeeding tips and
resources; pain management; paid family leave

    Experience 3 (day 7)

903/3846 (23.5)        Original: nutrition

544/2659 (20.5)        Revised: nutrition and resources; stress management tips, postpartum
check-up and resources to address common challenges for scheduling or
attending a postpartum check-up

    Experience 4 (day 14)

691/3794 (18.2)        Original: postpartum depression; sleep recommendations

390/2711 (14.4)        Revised: postpartum depression; sleep recommendations and tips

    Experience 5 (day 21)

1002/3728 (26.9)        Original: family planning and sex after birth
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General reach by experience, n/N (%)Experiences and topics covered in the chatbota

706/2777 (25.4)        Revised: family planning and sex after birth

    Experience 6 (day 28)

656/3660 (17.9)        Original: pelvic floor - Kegel exercises

511/2845 (18)        Revised: physical activity; Pelvic floor - Kegel exercises

    Experience 7 (day 42)

413/3560 (11.6)        Original: social support; postpartum depression

250/2945 (8.5)        Revised: social support and resources; resources for postpartum de-
pression; health care after birth

aThe topics covered in each experience were revised, and the new content for all experiences was launched on February 21, 2024, for both chatbots.
Thus, the total number of patients who received the new content will differ by experience.
bCaregivers of newborns discharged from the hospital between October 2, 2022, and January 15, 2025, received the newborn chatbot. A total of 116
caregivers who received the newborn chatbot were excluded due to missing data by experience.
cOnly birthing individuals discharged from the hospital between November 21, 2022, and January 15, 2025 received the postpartum chatbot.

Figure 1. Chatbot screenshots of the postpartum and newborn chatbots.

Electronic Health Record Data Extraction and
Integration
The chatbot system relied on structured electronic health record
(EHR) data to identify discharge dates for birthing individuals
and newborns. A native EHR data extraction program using
Cerner Command Language was designed to retrieve relevant
patient information including contact information, preferred
language, and prenatal care provider. The data extraction was
fully automated and ran daily. These data were securely
transmitted to the chatbot vendor system via the enterprise
Interface Engine using secured File Transfer Protocol to ensure
end-to-end transport layer security, consistent with
industry-standard security practices. Upon receiving the contact
list, the chatbot vendor delivered the chatbot content through
SMS text messaging and email. The vendor generated daily
analytics files that included user reach metrics (eg, overall

chatbot use) that were securely transferred back to the health
care system.

Study Design and Participants
This is a pragmatic implementation study where we described
the strategies used to develop the postpartum and newborn
chatbots and performed a cross-sectional analysis to evaluate
the postpartum and newborn reach. Because patients received
the chatbots as standard of care, we included all the birthing
individuals and caregivers of newborn patients discharged from
a large, mid-Atlantic hospital in the data analyses. Newborn
chatbot reach was evaluated for newborn patients discharged
from October 2, 2022, to January 15, 2025, who received the
newborn chatbot. We were unable to report chatbot delivery
and reach during the first month of chatbot launch due to
inconsistent documentation by the vendor; these issues were
resolved during team meetings. For postpartum reach, all
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birthing individuals discharged from November 21, 2022, to
January 15, 2025, and who received the postpartum chatbot
were included in the analysis.

Measures

Implementation Strategies and Chatbot Reach
The chatbots were designed to fill a gap in follow-up after
patient discharge, particularly among those patients who did
not seek care within the health care system before or after birth.
Implementation strategies specific to increasing reach and
engagement for the chatbot focused on developing stakeholder
relationships, reexamining implementation, and engaging
consumers. The primary outcome of this analysis is chatbot
reach and is defined as the number of people who opened the
chatbot link out of those who received outreach messaging.
Chatbot reach data were obtained from the chatbot vendor, and
the research team linked the data back to the patient’s medical
record.

Demographic and Clinical Data Collection
Birthing individuals’ and newborns’ demographic and clinical
characteristics were obtained from the EHR. These independent
variables were categorized as follows: birthing individual age
(<20, 20‐29, 30‐39, 40+ years), ethnicity (Hispanic or
non-Hispanic), race (Black or African American, White, other,
or unknown), preferred language (English, Spanish, other [eg,
Amharic, Arabic, French, etc], or unknown), and insurance type
(private or commercial, public, other, self-pay, or unknown).
Regarding medical history, we included delivery method
(vaginal birth or C-section) for the birthing individuals,
newborns’ weight at birth (very low birthweight: <1500g, low
birthweight: 1500g to <2500g, or normal birthweight: ≥2500g),
gestational age (<37 wk or ≥37 wk), time in the hospital between
birth and discharge (<2 d, 2‐4 d, or >4 d), and prenatal care
location (care within the MedStar Health system where they
delivered, Kaiser [where both care and insurance are provided
within the same system], other external clinics (largely federally
qualified health centers [FQHCs] or unknown sources of care).
Birthweight and gestational age data were only available for
newborns discharged from October 2, 2022, to September 30,
2024, as they were obtained from the EHR for a prior SBSM
project [17].

Data Analysis
We used descriptive statistics to describe reach and chi-square
tests to evaluate demographic and clinical factors related to the
postpartum and newborn chatbot reach. We also assessed
changes in reach after modifying chatbot outreach and content.
We used backward selection of the independent variables
(birthing individual age, ethnicity, race, preferred language,
insurance type, and prenatal care location) to finalize the
multivariate logistic regression models. For the postpartum
chatbot reach, we also included birthing individual delivery
method (vaginal vs cesarian), and for the newborn chatbot, we
included time in the hospital. In addition, we tested the impact
of adding birthweight and gestational age as independent
variables to the newborn chatbot logistic regression limiting the
population to the date range October 2, 2022, to September 30,

2024, (as these 2 variables were only available between these
dates).

Ethical Considerations
The study protocol was approved by the Institutional Review
Board (IRB) from MedStar Health Research Institute (IRB
#5741). This project was completed in accordance with the
ethical standards of the MedStar Health Research Institute IRB
and the Helsinki Declaration of 1975 and the 2000 revision. We
did not ask for consent or compensate patients in this study as
the chatbots were automatically sent to patients as standard of
care. Our IRB granted a Health Insurance Portability and
Accountability Act waiver to link chatbot engagement to the
patients’demographic and clinical data (eg, age, race, preferred
language, type of insurance, and prenatal care location).
Identifiers were needed to link patients to their relevant EHR
information. All patients’ identifiers were deleted from all files
after data analysis was completed.

Results

Implementation Strategies

Developing Stakeholder Relationships
Before developing the chatbot, we met with the clinical leaders
in labor and delivery, including physicians, nurses, and
administrators. We also consulted with our community partners
on key content and outreach strategies, as two-thirds of those
delivering at the target hospital seek prenatal and postpartum
care outside of the hospital’s health care system. We then
identified a lead in each of the clinical areas involved (pediatrics,
labor and delivery, and behavioral health) to help with the
development of the chatbot content.

We iteratively developed the chatbot content, incorporating
feedback from birthing individuals and caregivers (n=9)
recruited from two pediatric clinics, who reviewed the content
and participated in an individual semistructured interview. We
notified providers and health care system leaders once the
program was ready to launch and invited feedback on integration
with existing workflows. Throughout this project, clinical leads
were invited to participate in scientific abstracts to increase a
sense of buy-in and were given opportunities to reflect on
progress. Additionally, we presented ongoing successes and
challenges to the parent project’s strategic advisory board, which
includes clinical and community maternal and infant health
equity experts, to solicit feedback. In response to provider
feedback about the busy pace and competing priorities of the
labor and delivery unit, we automated outreach to eliminate any
need to ask providers to enroll patients. Despite the automation,
building stakeholder relationships was vital to ensure that
clinical teams were comfortable with their patients receiving
the outreach, optimize the outreach content, and increase the
likelihood that they would support introducing it into discharge
paperwork.
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Iterative Processes, Including Purposefully
Re-Examining the Implementation and Reaching
Consumers
The timeline for chatbot launch and iterative refinement is
shown in Figure 2. The research team met with the chatbot
vendor weekly to review data. With input from the research
team, the vendor created a dashboard to monitor reach and

certain engagement metrics (eg, user response to the question
about scheduling their first newborn pediatric appointment).
After assessing baseline rates of reach and preliminary
engagement, between March and August of 2023, we collected
qualitative and quantitative feedback from diverse users (46%
identified as Black, 25% as Hispanic, and 54% had public
insurance) to solicit input on increasing reach and use of chatbot
content [18].

Figure 2. Postpartum and newborn chatbot implementation and refinement timeline.

Based on initial reach data and patient feedback (reported
elsewhere [18]), we created the following changes: (1) we
modified the outreach messages to include more information
about each week’s content, (2) we added relevant topics and
resources within each chatbot experience (revised topic content
listed in Table 1), (3) we translated the chatbot content into
Spanish, (4) we added information about the chatbot to the
discharge paperwork so that patients who reviewed the
paperwork might have a frame of reference for the outreach.

The outreach messages were changed from a generic script to
specify the topics covered in the corresponding experience.
Overall, language was revised to improve readability and clarity
(eg, “postpartum” was replaced with “after giving birth”). The
chatbot content was changed in various ways (Table 1). First,
we added additional tailored information for recovery after a
C-section or vaginal birth, and options to read more about
breastfeeding, with sensitivity to patient experiences around
whether they chose to or were able to breastfeed. Second,
additional resources such as Maternal Mental Health Hotline,
Postpartum Support International, Breastfeeding Center of
Greater Washington, and Safe Sleep Program from DC
Department of Health were added. Third, we included a
voice-over feature to facilitate reviewing the chatbot information
using audio, as well as an option for patients to download the
content as a PDF so that they could refer back to the information
and share it with their partners or family members. We reviewed
the revised content with 5 patients at an obstetrics clinic and 5
caregivers at a pediatric clinic to solicit in-person feedback via
brief interviews. The interviewer took structured notes on
patients’ and caregivers’ recommendations to share with the
study team. Recommendations included: slowing down the
speed that chatbot messages added text, shortening the messages,
bolding the most important information, and adding a summary
of the information included in the shared links. The speed at

which new messages appeared in the chatbot was slowed to
2500 milliseconds, and we divided the information into more
segments where patients could choose response options. This
allowed us to shorten the messages and increase the potential
for interaction within the chatbot. The updated outreach
messages and chatbot content were launched on February 21,
2024.

A Spanish version of each chatbot was implemented on June
3, 2024, after professional translation, given that Spanish is the
second most common primary language among our patient
population. We also revised the outreach message to include a
Spanish explanation for changing the chatbot language to
Spanish as preferred language in the EHR may not capture all
appropriate patients. Finally, on July 30, 2024, we added
screenshots about the chatbot outreach and content in the
discharge paperwork for both birthing individuals and newborns
to inform patients about the chatbot and address concerns that
the chatbot outreach messages were potentially a scam.

Chatbot Reach Overall
A total of 6505 individuals out of 6684 birthing individuals
(97.3%) discharged from the hospital successfully received the
postpartum chatbot outreach message; those who did not receive
it either had a landline phone number or did not have a working
phone number or email in the EHR. Overall, 7489 out of 7525
caregivers (99.5%) successfully received the chatbot outreach
message for each newborn. Less than 1% of recipients opted
out of the chatbots. Approximately 63.3% of patients had a valid
email (postpartum: 4107/6505 and newborn: 4757/7489), and
99.9% (postpartum: 6505/6505 and newborn: 7488/7489) had
a valid phone number. A total of 6107 birthing
individuals/caregivers received the postpartum and newborn
chatbot messages, 398 birthing individuals only received the
postpartum chatbot, 1076 unique caregivers only received the
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newborn chatbot, and 298 caregivers received additional
newborn chatbot messages for each newborn (due to
multiparous, or births at different times; eg, 8 individuals had
3 newborns each during the project period).

Approximately two-thirds of recipients opened messages from
either chatbot (Table 2). Newborn chatbot reach by experience
ranged from 41.3% (3042/7373, experience 1) to 21.5%
(1582/7373, experience 2), and the postpartum chatbot reach
ranged from 34.5% (2243/6505, experience 1) to 10.2%
(663/6505, experience 7; Table 1). Birthing individuals and

caregivers who had a valid phone and email had a significantly
higher chatbot reach (postpartum chatbot: 2980/4107, 72.6%
and newborn chatbot: 3561/4756, 74.9%) than patients with
only a valid phone number (postpartum chatbot: 1160/2398,
48.4% and newborn chatbot: 1372/2732, 50.2%). Only one
caregiver had a valid email only and was not reached. For both
chatbots, approximately 57% of users opened the messages by
SMS text messaging only (postpartum: 2388/4140 and newborn:
2831/4933), 14% by email only (postpartum: 601/4140 and
newborn: 678/4933), and 28% by both SMS text messaging and
email (postpartum: 1151/4140 and newborn: 1424/4933).
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Table . Patients’ demographic and clinical characteristics by postpartum and newborn chatbot reach.

Newborn chatbotbPostpartum chatbotaPatients’demo-
graphic

P valuedReachc, %Total reachTotal receivedP valuedReachc, %Total reachTotal received

65.94933748963.641406505Total

<.001<.001Age (years)

56.918933253.7153285    <20

60.81669274658.413492310    20‐29

69.02720394567.423373466    30‐39

76.235546667.8301444    40+

<.001<.001Race

62.92217352759.817492926    Black

82.2823100175.9713940     White

64.9953146866.58601294     Other

63.0940149360.88181345    Unknown

<.001.01Ethnicity

68.735551767.7318470    Hispanic

67.73108458964.525393937    Non-Hispan-
ic

61.16911366.367101    Other

61.71401227060.912161997    Unknown

<.001.003Language

66.54321649863.735895633    English

60.548079362.4436699    Spanish

75.69312376.186113    Other

52.0397548.32960    Unknown

<.001<.001Insurance

74.42197295569.918662670    Private

60.12103349859.517492941    Public

60.07212063.267106    Self-pay

76.5526874.75979    Other

60.050984856.3399709    Unknown

N/Ae.13Delivery method

N/AN/AN/A62.925093987    Vaginal

N/AN/AN/A64.816312518    Cesarean

.07N/ABaby weightfg

73.44764N/AN/AN/A    Very low
birthweight
(<1500 g)

62.6396633N/AN/AN/A    Low birth-
weight (1500
to <2500 g)

66.438905863N/AN/AN/A    Normal
birthweight
(≥2500 g)

.003N/AGestational agefg

61.3452738N/AN/AN/A    <37 weeks
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Newborn chatbotbPostpartum chatbotaPatients’demo-
graphic

P valuedReachc, %Total reachTotal receivedP valuedReachc, %Total reachTotal received

66.738815822N/AN/AN/A    ≥37 weeks

<.001N/ATime in hospi-

tal after birth g

64.219723070N/AN/AN/A    <2 days

68.322573304N/AN/AN/A    2‐4 days

63.17041115N/AN/AN/A    >4 days

<.001<.001Prenatal care location

78.22380304274.221482895    Within the
hospital inte-
grated health
system

53.7721134251.16301234    Kaiser clin-

icsh

59.31546260957.510721864    Other exter-
nal clinics (eg,

FQHCs)i

57.728649656.6290512    Unknown
clinics

aAmong birthing individuals discharged from the hospital between November 21, 2022, and January 15, 2025, who received the postpartum chatbot.
bAmong caregivers of newborns discharged from the hospital between October 2, 2022, and January 15, 2025, who received the newborn chatbot.
cReach is defined as the number of people who opened the chatbot link out of those who received outreach messaging.
dChi-square statistics.
eN/A: not applicable.
fData are only available through September 30, 2024.
gData specific to newborn patients obtained from the electronic health record.
hKaiser clinics are external clinics where both care and insurance are provided within the same system.
iFQHC: federally qualified health center.

Significant differences in reach were identified by age, ethnicity,
race, preferred language, and insurance type across both chatbots
(Table 2; all significant P values <.001). Birthing individuals
who opened messages were more likely to be 30 years and older
(2638/3910, 67.5%) compared to 29 years and younger
(1502/2595, 57.9%), Hispanic (318/470, 67.7%) compared to
non-Hispanic (2539/3937, 64.5%); White (713/940, 75.9%)
compared to Black (1749/2926, 59.8%), had private insurance
(1866/2670, 69.9%) compared to public insurance (1749/2941,
59.5%), and had prenatal care within the hospital’s integrated
health system (2148/2895, 74.2%) compared to external prenatal
clinics (Kaiser patients 630/1234, 51.1%), other largely FQHC
clinics ( 1072/1864, 57.5%), unknown prenatal care location
(290/512, 56.6%). No significant differences in reach were
found by the delivery method (ie, vaginal vs C-section).

Similarly, newborn chatbot caregiver reach was higher among
birthing individuals who were 30 years and older ( 3075/4411,
69.7%) compared to 29 years and younger (1858/3078, 60.4%),
White (823/1001, 82.2%) compared to Black (2217/3527,
62.9%), and had private insurance (2197/2955, 74.4%) compared
to public insurance (2103/3498, 60.1%). Newborn chatbot reach
was also higher when the newborn had a gestational age of 37
weeks or more (3881/5822, 66.7%) compared to a gestational
age of less than 37 weeks (452/738, 61.3%), stayed in the

hospital 2‐4 days (2257/3304, 68.3%) compared to less than
2 days (1972/3070, 64.2%) and more than 4 days (704/1115,
63.1%), and had prenatal care within the hospital integrated
health system (2380/3042, 78.2%) compared to external prenatal
clinics Kaiser (721/1342, 53.7%), other largely FQHC clinics
(1546/2609, 59.3%), and unknown prenatal care location
(286/496, 57.7%). No significant differences were found for
birth weight.

Postpartum Chatbot Analyses
In the final postpartum multivariate logistic regression model,
we included age, race, preferred language, type of insurance,
and prenatal location (Table 3). The odds of opening the
postpartum chatbot were significantly lower for individuals
identified in the EHR as Black (odds ratio [OR] 0.73, 95% CI
0.61- 0.88) compared to White individuals. Patients with a
preferred language of “other” (OR 1.90, 95% CI 1.21-2.98) had
greater odds of postpartum chatbot reach compared to
English-preferring patients. Patients with public insurance (OR
0.72, 95% CI 0.64-0.82) and unknown insurance (OR 0.57, 95%
CI 0.47-0.69) had lower odds of postpartum chatbot reach
compared to individuals with private insurance. Patients who
received prenatal care at clinics external to the hospital,
including Kaiser clinics (OR 0.34, 95% CI 0.29-0.39), other
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clinics (OR 0.52, 95% CI 0.45-0.60), or unknown clinics (OR
0.45, 95% CI 0.37-0.55), had lower odds of postpartum chatbot
reach compared to patients who received prenatal care within
the hospital integrated health system. Age was also a significant

predictor, with each one-year increase in age associated with a
2% higher likelihood of chatbot reach (OR 1.02, 95% CI
1.01-1.03).

Table . Multivariate logistic regression for postpartum chatbot reach among birthing individuals discharged from the hospital between November 21,
2022, and January 15, 2025. Reach is defined as the number of people who opened the chatbot link out of those who received outreach messaging.

P valueORa (95% CI)Characteristics

<.0011.02 (1.01-1.03)Age (continuous)

Race

N/AN/Ab    White (reference)

<.0010.73 (0.61-0.88)Black

.401.10 (0.88-1.37)Other

.400.92 (0.75-1.13)    Unknown

Language

N/AN/A    English (reference)

.661.04 (0.86-1.27)    Spanish

.0051.90 (1.21-2.98)    Other

.160.69 (0.41-1.16)    Unknown

Insurance

N/AN/A    Private (reference)

<.0010.72 (0.64-0.82)    Public

.180.75 (0.49-1.14)    Self-pay

.801.07 (0.63-1.82)    Other

<.0010.57 (0.47-0.69)    Unknown

Prenatal location

N/AN/AWithin the hospital system where
delivery occurred (reference)

<.0010.34 (0.29-0.39)Kaiser clinicsc

<.0010.52 (0.45-0.60)Other external clinics (eg, FQHCs)d

<.0010.45 (0.37-0.55)Unknown clinics

aOR: odds ratio.
bN/A: not applicable.
cKaiser clinics are external clinics where both care and insurance are provided within the same system.
dFQHC: federally qualified health center.

Newborn Chatbot Analyses
For the final newborn multivariate logistic regression model,
we included the birthing individual’s age, race, insurance type,
prenatal care location, and their newborn’s time in the hospital
(Table 4). Age was a significant predictor, with each one-year
increase in age associated with a 2% higher likelihood of chatbot
reach (OR 1.02, 95% CI 1.01-1.03). Birthing individuals who
were listed in the EHR as Black (OR 0.61, 95% CI 0.50-0.74),
other race (OR 0.73, 95% CI 0.59-0.91), and unknown race (OR
0.74, 95% CI 0.60-0.91) had lower odds of newborn chatbot
reach than when the newborn’s birthing individual was White.
Patients with public insurance (OR 0.63, 95% CI 0.55-0.71),
self-pay (OR 0.56, 95% CI 0.38-0.83), and unknown insurance

(OR 0.58, 95% CI 0.48-0.69) had lower odds of reach than
patients with private insurance. Patients who received prenatal
care at clinics external to the hospital, including Kaiser clinics
(OR 0.30, 95% CI 0.26-0.35), other clinics (OR 0.50, 95% CI
0.44-0.57), unknown clinics (OR 0.40, 95% CI 0.32-0.48), had
lower odds of postpartum chatbot reach compared to patients
who received prenatal care within the hospital health system.
Finally, caregivers of newborns who stayed in the hospital for
2‐4 days after birth (OR 1.21, 95% CI 1.09-1.35) had greater
odds for chatbot reach compared to newborns who stayed in
the hospital less than 2 days, but no significant differences were
found for the newborns who stayed more than 4 days (OR 0.99,
95% CI 0.86-1.15).
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Table . Multivariate logistic regression for newborn chatbot reach among caregivers of newborns discharged from the hospital between October 2,
2022, and January 15, 2025. Reach is defined as the number of people who opened the chatbot link out of those who received outreach messaging.

P valuesORa (95% CI)Characteristics

<.0011.02 (1.01-1.03)Age (continuous)

Race

N/AN/Ab    White (reference)

<.0010.61 (0.50-0.74)    Black

.0040.73 (0.59-0.91)    Other

.0050.74 (0.60-0.91)    Unknown

Insurance

N/AN/A    Private (reference)

<.0010.63 (0.55-0.71)    Public

.0040.56 (0.38-0.83)    Self-pay

.600.85 (0.48-1.53)    Other

<.0010.58 (0.48-0.69)    Unknown

Time in hospital

N/AN/A    <2 days (reference)

.0011.21 (1.09-1.35)    2‐4 days

.920.99 (0.86-1.15)    >4 days

Prenatal location

N/AN/A    Within the hospital integrated
health system (reference)

<.0010.30 (0.26-0.35)    Kaiser clinicsc

<.0010.50 (0.44-0.57)    Other external clinics (eg,

FQHCs)d

<.0010.40 (0.32-0.48)    Unknown clinics

aOR: odds ratio.
bN/A: not applicable.
cKaiser clinics are external clinics where both care and insurance are provided within the same system.
dFQHC: federally qualified health center.

We conducted additional analyses limited to those where we
had information on birthweight and gestational age (newborns
discharged between October 2, 2022, and September 30, 2024).
Birthing individual age, race, insurance, newborn time in the
hospital, and prenatal care location remained in the model when
including and excluding newborn birthweight and gestational
age; ethnicity and preferred language were eliminated for both
final models to fit the best model. Caregivers of newborns with
very low birthweight (OR 2.44, 95% CI 1.32-4.50) had greater
odds of opening the chatbot compared to newborns with normal
birthweight, although no significant differences were found for
the newborns with low birthweight (OR 1.11, 95% CI
0.88-1.39). In relation to gestational age, for newborns born at
<37 weeks (OR 0.77, 95% CI 0.61-0.97), the caregivers were
less likely to open the chatbot than caregivers with newborns
born at term (37+ weeks). The ORs for other variables in the
model were similar to those in the model with the full cohort

that did not include birthweight and gestational age (Multimedia
Appendix 2).

Chatbots Reach Changes Over Time
No significant changes in reach were found after launching the
updated version of the newborn and postpartum outreach and
chatbot content, nor after including the chatbot information in
patients’ discharge paperwork (Table 5); thus, we focused on
results in the combined analyses for the full time period. We
found significant improvements in reach for Spanish-speaking
patients after deploying the Spanish version of the newborn
chatbot (OR 1.42, 95% CI 1.03-1.96), but no significant
differences in reach were found for the postpartum chatbot (OR
1.09, 95% CI 0.78-1.53). For a graphic description of the
evolution of postpartum and newborn chatbots’ reach over time
(Multimedia Appendices 3 and 4).
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Table . Change in chatbot reach before and after changes in outreach, content, and awareness efforts.

Newborn chatbotPostpartum chatbotImplemen-
tation
strategies

OR (95% CI)Reach, %Total

reacha
Total re-
ceived

ORb (95% CI)Reach, %Total

reacha
Total re-
ceived

Outreach and content revisionsc

N/A65.927754212N/Ad64.122783554    Original
content
(reference)

0.97 (0.88-1.07)65.2191429350.95 (0.85-1.05)62.816392610    New
content

Content in Spanishe

N/A58301519N/A61.8277448    Pre-
Spanish
language
(reference)

1.42 (1.03-1.96)66.21572371.09 (0.78-1.53)63.9136213    Spanish
language

Discharge paperworkf

N/A66.239505967N/A63.632745150    Prior
(reference)

0.93 (0.83-1.05)64.698315221.02 (0.90-1.15)63.98661355    Included
in dis-
charge pa-
perwork

aReach is defined as the number of people who opened the chatbot link out of those who received outreach messaging.
bOR: odds ratio.
cIndividuals discharged before January 9, 2024, for the postpartum chatbot and January 13, 2024, for the newborn chatbot were included in the analysis
as the original content group, and individuals discharged between February 20, 2024, and January 15, 2025, for both chatbots were included in the new
content group.
dN/A: not applicable.
eOnly Spanish-speaking individuals identified in the medical record were included in the analysis. Individuals discharged before April 21, 2024, for
the postpartum chatbot and April 25, 2024, for the newborn chatbot were included in the analysis as the pre-Spanish language group, and patients
discharged from June 2, 2024, through January 15, 2025, were included in the Spanish-language group.
fIndividuals discharged before July 29, 2024, were included in the analysis as before discharge paperwork, and individuals discharged from July 29,
2024, through January 15, 2025, were included in the discharge paperwork group.

Lessons Learned
This project highlighted the importance of involving
stakeholders, including clinical staff, providers, patients, and
community before and during the chatbot implementation to
ensure acceptability, usefulness, and reach of the chatbot. The
clinical teams were supportive of the rollout throughout the
project. However, there were significant challenges in data
collection and reporting from the third-party vendor, which may
be better addressed in future work by working through specific
needs, data accuracy, and various use cases for data before
deploying the chatbot. Also, relying on a third-party vendor
with ongoing expenses for hosting the chatbot limited the
sustainability of this project after the project funding ended.
Other health care systems or groups may consider options that
are integrated into existing licenses so that ongoing fees are not
prohibitive. Finally, given the design of the project and the
vendor’s limited capability to track individual level engagement

with the program over time, we were unable to assess the impact
of the chatbot on health outcomes.

Discussion

Principal Findings
This study describes strategies to develop a postpartum and
newborn chatbot that was offered as standard of care for birthing
individuals and caregivers of newborns discharged at a large
hospital that serves a socioeconomically and racially diverse
population. The chatbots’ reach was close to two-thirds of the
eligible birthing individuals and caregivers. Differences in reach
were identified by age, race, prenatal care location, and
insurance status for both chatbots, while newborn weight at
birth, gestational age, and newborn time in the hospital were
also significant predictors of the newborn chatbot reach. While
disparities were present, this study demonstrated that chatbots
have the potential to reach a significant proportion of this at-risk
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population and elucidates opportunities to conduct additional
targeted supports.

Previous commercial and research programs have shown
satisfaction among those who choose to receive messages about
maternal and infant care. In other large-scale programs such as
Text4Baby, a national SMS text messaging strategy in the US,
about 150,000 individuals have chosen to enroll annually to
receive SMS text messaging about prenatal, postpartum, and
infant health recommendations, with users reporting high
satisfaction [8]. Other interventions have also shown that
patients and caregivers report high satisfaction when receiving
SMS text messaging with health recommendations about
postpartum depression [19] and infant care [7]. Health chatbots
are also positively viewed [20,21], and parents tend to appreciate
the informational and emotional support provided by chatbots
[21]. In addition to high acceptability, mHealth strategies are
also effective in improving health behaviors. For example,
mHealth strategies have been shown to be effective in infant
emergency room visit reduction [7], blood pressure monitoring
[22], prenatal and postpartum weight management [23], and
smoking cessation [24], among others [25].

In this project, about 65% of the individuals opened the chatbots,
suggesting interest in reviewing information about postpartum
and newborn care. In a randomized control trial, patients who
received Rosie, an AI chatbot for new mothers, found that 87%
(13/15) of the users reported using the chatbot at least weekly
[13]. Another study of a postpartum AI chatbot found that of
the 290 enrolled patients in the study, 99% of the patients
responded to the platform at least once, and 52% asked a
question to the chatbot [26]. However, to our knowledge, there
are no comparable standard of care for newborn and postpartum
mHealth educational outreach strategies that have evaluated
reach in real-world settings, underscoring the need for this work.
Prior real-world behavioral interventions on various health
topics have documented SMS text messaging reach ranging
from 14% to 60% [27-29]; our findings thus surpassed
expectations. For example, a study among smokers and at-risk
drinkers found that a total of 14% of the patients clicked on the
embedded link to the apps in the SMS text messaging [27].
Another project using EHR data to identify smokers found that
15% responded to the smoking cessation SMS text messaging
program after a single recruitment text [28]. Another project
for patients aged 65 years and older found that 60% of the
patients responded to the COVID-19 vaccine SMS text
messaging outreach strategy [29].

We found notable differences in chatbot reach by age, race,
insurance type, and prenatal care location for both chatbots.
Lower chatbot reach among younger patients, Black patients,
patients with public insurance, and those who received prenatal
care at clinics external to the hospital health care system may
be attributed to differences in desire for information, disparities
in health/technological literacy, concerns about data plans, or
trust in the health care system or chatbots [29,30]. We were also
unable to deliver the chatbot to patients without a valid email
or cell phone number in the EHR. To improve equity, it is
crucial to develop interventions that address these issues,
whether through additional in-clinic outreach to inform patients
and caregivers about the chatbot, ensuring a valid email and

phone number is documented in the EHR before discharge, or
improving patient access to health information via different
channels (eg, phone calls, SMS text messaging, and community
outreach). Costs to the health care system and potential models
for covering such low-cost services should also be explored.
Future research could also consider intentional partnership with
community groups focused on Black birthing individuals and
underserved populations to avoid disparities in chatbot
implementation.

While significant changes to the chatbot content and strategies
were made to improve the chatbot’s reach, these strategies did
not result in significant improvements. Similar findings were
found in a prior study where no significant improvements in
acceptability were found after intervention refinement based on
participants’ feedback [30]. Our study suggests that further
research is needed to understand the drivers of chatbot reach
post-hospital discharge, such as user experience and how
outreach and content can be optimized to capture and retain
user interest over time. Additional strategies, such as identifying
the best outreach time of day, further tailoring the outreach
messages/content, and potentially including AI for
personalization [13] may play a role in how users access and
engage with similar chatbots. Community-based approaches
may also be useful for addressing concerns about chatbots and
identifying ways to increase the attractiveness of chatbots to
patients who experience disparities. In addition, these changes
could potentially impact other areas of user experience that we
did not measure, like usability, satisfaction, and engagement.
Ongoing audit and feedback may also prevent gaps in study
metrics and provide timely information on how patients are
using these types of mHealth interventions.

Limitations and Strengths
In this study, patients did not have the opportunity to request
that the chatbots be sent to their preferred contact information,
which could have impacted reach. Furthermore, because our
chatbot followed a rule-based system with fixed logic for user
interaction, it did not allow patients to ask questions or review
the information in their preferred order. While efforts were made
to match the content to when patients might need this
information, for some patients, the information presented in the
chatbots might not have been relevant. Future integration of
conversation AI is recommended to provide personalized
responses; however, it needs to be done with caution to
guarantee that patients are receiving accurate information.

Two-thirds of the birthing individuals and most newborns seek
postpartum or newborn care, respectively, outside the system.
Thus, we could not evaluate the impact on patient health
outcomes. Even within our system, there was limited ability to
link engagement with specific outcomes due to the variability
in the ways that individuals could engage with the chatbot and
view tailored information. Future longitudinal studies within
an integrated health care system, through partnership across
facilities or designed in a manner where relevant outcome data
can be linked to specific aspects of chatbot engagement, are
also needed to assess the impact of chatbot reach and
engagement on maternal and infant health outcomes, such as
postpartum depression, follow-up care, and visits to the
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emergency room. Further research is also needed to understand
patterns of reach related to gestational age, birthweight, or
duration of hospital stay.

Despite these limitations, this study has many strengths.
Delivering this program at scale provides unique information
on who might engage with this type of digital outreach. This
chatbot was intended to reach all patients and especially those
who might not have a regular care provider to help them
establish appropriate care. Finally, to our knowledge, our study
presents the first example about chatbot reach to birthing
individuals and newborn caregivers as standard of care within
an urban hospital.

Conclusions
Our intervention demonstrated that chatbots can deliver
important health information to many individuals efficiently,
offering timely guidance on postpartum recovery, infant care,
and follow-up appointments. These tools may serve as a
supplement to patient care, helping bridge gaps in
communication and support between health care providers and
patients, especially for those who do not seek regular care.
Understanding how constant interaction with digital health tools
influences clinical outcomes, including a focus on racially and
socioeconomically diverse populations, will help refine usability
and effectiveness of these technologies.
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Abstract

Background: Children and young adults with special health care needs comprise a significant portion of the pediatric population
in the United States, where 1 in every 5 children has a complex health care need. These patients are more likely to receive unsafe
care and have their needs unmet in part due to lack of accessible information and limited training support. Barriers in communication
may contribute to detrimental outcomes for this vulnerable, high-risk population.

Objective: This project aims to identify barriers to communication in children and young adults with special health care needs
in the health care setting. These barriers will inform prototype development using human-centered design approaches to create
a web-based application. Feedback from patients, caregivers, and health care providers (HCPs) was obtained on the usability and
usefulness of the tool within the health care setting.

Methods: A needs assessment was conducted in which participants shared their experiences in providing or receiving health
care services via a semistructured interview that was recorded and transcribed. Transcripts were analyzed inductively for themes,
coded, and used to categorize the data. On the basis of these themes, iterative development of a web-based application for social
stories took place. Focus groups were held to provide relevant feedback on the prototype.

Results: There were 15 participants (n=10, 67% HCPs and n=5, 33% patients and caregivers) interviewed for the needs assessment
that informed prototype development. A web-based application for social stories depicting different aspects of health care
interactions was created. Focus group feedback from 19 participants (n=12, 63% HCPs and n=7, 37% patients and caregivers)
on usability through the System Usability Scale, along with narrative feedback, was obtained. Overall, the usability of the
application was supported by caregivers and HCPs.
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Conclusions: Children and young adults with special health care needs require medical services that their peers generally do
not, thereby compounding potential barriers in communication surrounding health care delivery. Using social stories geared
toward health care interactions may help reduce anxiety and difficulty.

(JMIR Pediatr Parent 2026;9:e76512)   doi:10.2196/76512

KEYWORDS

pediatrics; complex care; human-centered design; qualitative; communication

Introduction

Complex care is defined as “a person-centered approach to
address the needs of people whose combinations of medical,
behavioral health, and social challenges result in extreme
patterns of healthcare utilization and cost” [1]. Approximately
20% of adolescents (aged 12-17 years) in North America live
with at least one chronic condition or special health care need,
>90% of whom will require ongoing care into adulthood [1-3].
Unfortunately, 67% to 75% of individuals living with special
health care needs experience frequent visits to the emergency
room, forego recommended care (including lack of annual
checkups), and frequently have multiple comorbid health issues
[2-4]. As a result, their health care expenditures are estimated
to be 5 times greater than those of the general population [5,6].
In addition, patients with complex, special health care needs
often require individualized treatment plans to overcome the
unique barriers they face in obtaining care [7]. These barriers
often result in inequities in patient safety and health care
outcomes in this population, particularly in individuals with
intellectual disabilities [8]. The complexity of navigating health
care systems may be lessened with care coordination in a
medical home model; there have been reports of improved
family satisfaction with overall care and improved health
outcomes with dedicated care coordination [9]. As a result,
high-quality and timely access to care services [10] and care
coordination is cited as a top priority for individuals with
disabilities living with specialized health care needs [11].

Complex care approaches focus on the patient, treating them as
an individual embedded within a social context. Complex care
programs benefit greatly from strong patient–health care
provider (HCP) relationships, excellent communication
practices, time, and use of interdisciplinary teams who work
with specialized care providers to coordinate and provide
patient-centered care [12].

Social stories are personalized narratives used to help teach
children and young adults with autism spectrum disorder how
to navigate social situations [13]. To do this, social stories use
a combination of visual aids and text to teach social skills and
increase understanding of social context and cues. The structure
and predictability of a social story can decrease anxiety in new
or unexpected environments. In addition, they can increase a
patient’s independence [14] and communication skills, and the
skills taught via social stories may then generalize to other social
contexts [15].

Patients with complex, special health care needs face several
barriers in the health care system when seeking care. These
barriers include difficulty communicating with HCPs, a lack of

processes to accommodate individual needs, and difficulty
accessing recommended care [16]. Specifically for individuals
with autism spectrum disorder, patient behavior in combination
with deficits in expressive and receptive communication may
contribute to challenging medical encounters. A combination
of environmental challenges in the setting where medical care
is provided, demands placed on the patient (physical
examinations or procedure based), and challenges with HCP
communication and interaction may invoke challenging behavior
in a patient population with reduced communication ability [17].

We sought to address some of these barriers within the health
care system for this complex population of patients using the
interface between technology and communication. We engaged
in a multiphasic study through which we developed an
application to address the information and design needs of
patients; caregivers; and HCPs who engage in the direct care
of patients living with complex, specialized health care needs.
The widespread use of technology provides a digital space to
create social stories describing health care interactions through
visual and narrative means. This intersection of social context
in the health care setting may help reduce communication
barriers with children and young adults with special health care
needs and their caregivers.

We hypothesize that (1) a web-based application can be
developed to facilitate communication in the context of health
care–specific interactions and flexibility to customize the
technology for the patient and (2) a customized web-based
application can help close the communication gap that exists
for patients with complex, special health care needs, which will
lead to fewer poor experiences for patients and caregivers.

Methods

Study Design and Setting
We conducted a human-centered design study in three phases
consisting of (1) identifying end user needs using qualitative
interviews; (2) conducting rapid, iterative prototyping of a
web-based application; and (3) holding focus group sessions
with end users for prototype feedback. This study relied on a
convenience sample recruited from a large academic-affiliated
health system (from both outpatient clinic and inpatient units)
located in the Midwest region of the United States. The study
population included patients with special health care needs,
their caregivers, and HCPs who provide health care to patients
with special health care needs.

Ethical Considerations
This project was approved by the University of Illinois College
of Medicine Peoria Institutional Review Board under expedited
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review (2053251). Assent for pediatric patients aged <18 years
or adults without decision-making capacity was obtained along
with parent or guardian consent. In addition, adults with
decision-making capacity provided consent. Transcripts from
interviews and focus groups were deidentified before analysis.
Participants in the study were not provided with compensation
for taking part.

Human-Centered Design Approach
The first phase of this study comprised semistructured
interviews. The interviews were designed to elicit participants’
perceptions of end user communication needs to inform the
development of a prototype of a web-based application to
facilitate communication among patients, caregivers, and health
care personnel. We conducted qualitative interviews to inform
the development of a prototype, which was subsequently tested
via focus groups with anticipated end users.

Inclusion Criteria and Participant Eligibility
We gathered a convenience sample from a tertiary care hospital
and outpatient care clinic that provides care to patients with
special health care needs. To be eligible to take part in all phases
of the study, participants needed to meet one of the following
criteria: (1) being employed as health care personnel
participating in the care of patients with special health care
needs in the inpatient or outpatient setting, (2) being a pediatric
or adult patient with special health care needs with
decision-making capacity who presented for inpatient or
outpatient care, or (3) being a caregiver of children or adults
with special health care needs who presented for outpatient or
inpatient visits.

Recruitment
Recruitment for participation in the interviews to aid in the
development of the web-based application and for the focus
groups to provide feedback on the prototype took place via
informational study fliers that were distributed electronically
via email and physically within inpatient and outpatient clinical
settings. The flier included a QR code to a participation
questionnaire, as well as QR codes to the various types of
age-appropriate consent information, giving prospective
participants an opportunity to take part in the study. The
participants provided their email address to be contacted for the
needs assessment interview via phone call or audio-only Zoom
videoconference (Zoom Video Communications).

HCPs providing inpatient or outpatient care were identified by
their respective departments and emailed the study details and
invitation to participate, in addition to the posted fliers.

Caregivers and patients were primarily recruited using fliers
posted in clinical settings. To maximize the likelihood of
reaching saturation, patients and caregivers were further
identified through convenience sampling. They were contacted
via phone or email directly for recruitment. For the purposes of
saturation in qualitative methods, we targeted a minimum of 5
participants per category (HCPs, caregivers, and patients) [18].

After completing the initial interview, participants were asked
whether they would like to take part in future focus groups
providing feedback on the web-based application prototype
(Figure 1).

Figure 1. Process map outlining the 3 phases of the study protocol. Phase 1 provided an overview of the human-centered design approach through
qualitative interviews, phase 2 incorporated thematic feedback for prototype development, and phase 3 included focus group interviews on the prototype.

Interview Guide Development
The semistructured interview guide underwent several iterations.
First, a draft interview guide was developed based on the study
aims and clinical context. This was done via discussion among
the investigative team; the initial guide was then pilot-tested
with 1 caregiver and 1 HCP and subsequently revised. After 4
interviews, transcripts were reviewed in relation to the study’s
overarching research question. It was determined that the

interview questions were too broad in relation to the study’s
research questions, and the guide underwent subsequent revision.
Upon approval of the revised questions, follow-up interviews
using the new guide were conducted with 2 of the previous 4
participants.

Before conducting interviews, all interviewers underwent
interview training. The training materials were developed based
on content made available by the University of Illinois Chicago’s
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School of Public Health Collaboratory for Health Justice [19].
Training materials were presented, followed by opportunities
to practice using the guide. The first 2 to 4 interviews were
conducted under the supervision of a faculty member with
expertise in qualitative human-centered design methods (AMH).
Interviews were recorded and transcribed verbatim using Zoom
(audio only). A member of the research team reviewed the
auto-generated Zoom transcriptions for accuracy and to strip
transcripts of identifiable information before analysis.

Qualitative Analysis
Deidentified transcripts were uploaded to ATLAS.ti (Scientific
Software Development GmbH) [20] for subsequent analysis.
Approaches to coding were inductive. Coders with backgrounds
in medicine (DK), premedicine (MM), and human factors
(AMH) reviewed the first 5 transcripts to identify codes and
develop a codebook [21]. The remaining transcripts were coded

independently by at least 2 trained coders; all discrepancies
were identified and resolved for 100% consensus. Emergent
themes were identified, sorted into challenges and opportunities,
and interpreted for design recommendations. Distributed
cognition and communication theories that consider complex
interdependencies among multiple individuals, coordinating
mechanisms, communication, and information sharing patterns
were used for interpretation [22].

The results identified layers of the health system reliant on
communication and coordination practices (Figure 2); challenges
and opportunities arise within each layer of the complex system.
However, at the core of these interactions is communication,
which occurs within the clinical encounter. We thereby focused
on codes and emergent themes that attested to challenges and
opportunities regarding communication as identified in the
clinical encounter.

Figure 2. Phase 1 interviews identified opportunities and challenges in communication with health care providers (HCPs) during health care interactions.
There are many layers of communication that occur in the coordination of the care of complex patients and their families.
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Product Development

Prototyping
In phase 2, qualitative themes from the interviews were provided
to the design team responsible for the development of a
prototype for a web-based application through a series of
meetings with members of the investigative team (AMH, JRH,
and MJM) and designer (KF) to develop multiple iterations of
the application. Iterative feedback was received from the
investigative team and qualitative lead at that point for clinical
expertise (JRH and MJM) and participant voices (AMH) and
was incorporated. Each iteration of the prototype was shared
with the research team to meet the specifications of the
prospectively identified communication and end user needs.
Approximately 3 iterative cycles were completed to achieve a
final prototype.

Clinical Scenario Development
Interviews revealed a common need in both inpatient and
outpatient settings: to convey routine tests and procedures in
an understandable and nonthreatening manner. To this end,
members of the study team developed 2 clinical scenarios
through which interaction with the application would guide and
convey the steps of a visit or procedure. Our principal
investigators, subject matter experts, and internal
medicine/pediatric physicians (JRH and MJM) worked closely
with content creators to develop a realistic clinical scenario that
met the identified areas of need and preference relevant to both
inpatient and outpatient care settings. This was developed and
refined over several iterations and was ultimately used to inform
the flow of the application.

Product Design Integration
A user flow was built to represent high-level user experience.
An information flow diagram helped identify how this
application might connect to other utilities in the health system.
A technical assessment began to explore the feasibility of certain
features. On the basis of the feedback received, the user flow
and technical assessment were refined to address any identified
issues and further focus the scope of the application. In
conjunction with clinical scenario development, wireframes
were built to visualize the prototype layout and structure and
develop a preliminary art style for the content. As a result of
project team feedback, the wireframes were revised to represent
a final scope for the prototype to be used in focus group user
testing. Art styles were explored considering the original
research data, market evaluation, and potential full-scale
production technical constraints. The final phase involved
iterating on the art style and developing all necessary design
assets to produce a prototype for user testing.

Research and Prototype Testing
The third phase of our human-centered design study tested the
resulting prototype with end user groups. These user groups
consisted of patients, caregivers, and HCPs. For participants
aged <18 years, caregivers provided verbal consent, and the
participating children provided assent. Decisions to participate
were audio recorded. Caregivers of adult patients without
decision-making capacity provided consent for the patient to
participate.

HCPs, patients, and caregivers who consented to participate
convened in person and met in separate focus groups (ie, HCPs
met separately from patients and caregivers). Focus group
participants were welcomed, provided with the project aims
and objectives, provided with a tablet and QR code, and briefed
on how to access the prototype application from the tablet
provided to them. To interact with the prototype, patients and
caregivers were given a medical social story to simulate
receiving the social story before an upcoming appointment.
They then chose whether they wanted to be represented by an
animal or person avatar throughout the medical social story.

HCPs were given the same medical social story under the
pretense of having to prepare and send the social stories before
an upcoming medical encounter with a patient with special
health care needs. All participants were presented with the
System Usability Scale (SUS) questionnaire upon completion
of the scenarios and then took part in a facilitated focus group
interview session to provide more granular feedback. Focus
group interviews were recorded and transcribed verbatim with
participant consent.

Focus Group Data Collection Forms
To evaluate prototype success in the focus group, we adapted
survey questions from the SUS [23] and from existing
educational immersion scales [24]. Furthermore, we used a
semistructured guide to elicit open-ended feedback on the
application experience from end users. The SUS is a scale
designed to measure participants’ perceived usability of a
product. Scores range from 0 to 100, with the average score
(50th percentile) being 68 [25]. A score above 70 is generally
considered acceptable [26-28]. The Learning Immersion Scale
in Simulation is a psychometrically validated and reliable survey
consisting of 4 factors: cognitive assimilation, emotional buy-in,
focused attention, and autotelic experience [24]. We focused
on the cognitive assimilation subscale, which measures to what
extent an individual differentiates between interaction with the
simulated environment and reality [29]. The questionnaire uses
a 7-question, 5-point scale adapted from Ko et al [24]. It ranges
from “strongly disagree” (1) to “strongly agree” (5). This scale
was only administered to caregivers and patients.

Focus Group Data Analysis
SUS surveys were pooled and analyzed descriptively, examining
overall usability and usability differences by role (caregivers
and patients vs HCPs). The caregiver or parent survey asked 3
additional questions about how they thought their child or the
individual under their care would feel about the prototype, which
caused the SUS scale score range to change to 0 to 130. Scores
are reported as both out of 130 and normalized to fit the original
scale from 0 to 100. The resulting focus group transcripts were
reviewed iteratively for trends, including areas of feedback
(positive and negative) on the prototype interaction experience.

Results

Overview
Results are presented and discussed in the order in which the
phase of research took place. There were 15 participants (n=10,
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67% HCPs and n=5, 33% patients and caregivers) in the phase 1 individual interviews (Table 1).

Table 1. Participant demographics.

Health care providers, n (%)Patients and caregivers, n (%)

10 (67)5 (33)Phase 1 interviews (n=15)

5 (56)4 (44)Phase 3 focus groups recruited in phase 1 (n=9)

7 (70)3 (30)aPhase 3 focus groups recruited in phase 3 (n=10)

12 (63)7 (37)Phase 3 total (n=19)

aOne pediatric participant.

Human-Centered Design
Qualitative analysis of the interviews completed in phase 1
identified both challenges and opportunities of care, illustrating
design needs for our web-based application. Themes were
identified to help prioritize the creation of a web-based
application as a potential solution to reduce challenges and
facilitate interaction (Multimedia Appendix 1).

Challenges in Communication Based on Cognitive Status
Equating verbal status with cognitive ability emerged as a barrier
to effective communication. This challenge was mentioned by
HCPs, with 1 patient and 1 caregiver noting this barrier from
their perspective. Mainly, HCPs indicated difficulty assessing
patient capabilities and capacity to communicate and understand
interactions autonomously due to time constraints or
unfamiliarity with the patient:

Because a lot of times they are so afraid of what’s
going on, and they’re not understanding. And
sometimes...providers in the room aren’t
understanding them. And that can cause a lot of
problems. [HCP]

That they’re special needs and they don’t have the
capacity when so many of them have the capacity we
[HCPs] just don’t have the time to spend with them
to understand what they do have. [HCP]

Meanwhile, patients and caregivers described how this challenge
manifested on their end in that HCPs may not provide enough
information on what they do with a patient, expressing a desire
for more explanation that warranted more communication. One
caregiver described their intensive care unit experience as
follows:

[A] nurse will come in and start something [a routine
medical procedure]. You’re like, wait a minute, what
are you doing? So I don’t know if like just a little
more communication as to the doctors thought
processes of: This is what we’re doing. This is what
we’re thinking and what we’re going to try.
[Caregiver]

Several caregivers noted that the barrier was the verbal status
(eg, the patient’s ability to talk) rather than their cognitive ability
or capacity for understanding. One caregiver noted the
following:

Just because he can’t talk doesn’t mean he doesn’t
have feelings and doesn’t understand everything.
[Caregiver]

Now his mom never left she was able to communicate
a lot with us [HCP team].... I didn’t know him [the
patient] very well. And so if mom worked or couldn’t
be here, there would have been a lot of gap(s) in
communication and understanding what he needed.
[HCP]

Some HCPs corroborated this element of patient understanding
despite verbal status:

[Patient name] is very, very smart and understands
a lot of what we are saying or doing. So even though
a child may have special needs and are non-verbal
and not able to communicate what they want, how we
do, I feel like it's important to know that they still
sometimes are aware of their surroundings and are
smarter than we really realize. [HCP]

Opportunities to Improve Communication
The challenge of ascertaining a patient’s cognitive status is
prevalent, often requiring intervention and the constant presence
of a caregiver. Overall, there was a preference for more
streamlined and direct communication between HCPs and
patients. Ideas for supporting direct communication during an
encounter included the use of simplified messaging. For
instance, one HCP highlighted the need to use simple language
to explain routine procedures in terms readily understood by
patients and caregivers:

Yes, and it fits people that are aware of medical
jargon...[but] our special needs are not. And so we
have to be able to. Adjust [using jargon] as according
to our patients you know. [HCPs]

Assistive devices were noted in their ability to promote more
direct and patient-centered communication during clinical
encounters, potentially bypassing the otherwise constant need
for caregiver presence. These devices were often noted to be
available through specialty hospital services or otherwise belong
to the patient privately for at-home use, and it was noted that
they were useful in the health care environment to aid in direct
communication between HCPs and their patients. In other cases,
involving the caregivers in the health care delivery provides
insights into the patient’s mannerisms and needs in a way that
only those who know them best can decipher. One HCP noted
the following:
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[D]epending on what’s going on with them.
Absolutely. Yeah, so more individuality in a system,
you know. Ability to change it to a specific patient
would be helpful. [HCP]

So if they are like not actually having access to smart
tablets or for understanding and navigating the My
Chart system. So that technology.... To feel
comfortable with doing that is one of the barriers.
[HCP]

When describing aspects of an assistive device used for
communication, several facilitating device features were noted
to enhance communication during the clinical encounter:

So from, provider to patient communication, just
having some, a bunch of preset sort of procedures,
the very, you know, illustrations that sort of simplify
it and make it easy to understand for the patient and
then on the opposite, you know, things that allowed
them to quickly say and communicate with you
without.... That doesn't mean they're the same as
everyone else. And so I think a goal with the app is
to sort of a breakdown communication barriers so
that there’s an easier time getting to know them and
then also you know those individual preferences as
individual traits and things like that can be quickly
communicated and just sort of be embedded and
quickly understood by providers. [HCP]

Prototype Development
In the process of prototype development in phase 2, we focused
on actionable themes that met the following criteria: (1)
opportunities to improve communication in clinical encounters
(the reason for this being that broader coordination issues
worsened in part because of communication problems, ie,

communication is often necessary for coordination) and (2)
common or routine tests and procedures experienced in both
inpatient and outpatient encounters.

A tappable prototype was built and prepared for testing on tablet
devices. Story development and key features targeted emergent
qualitative themes, with a focus on routine procedures performed
in both inpatient and outpatient visits and on a standardized
outpatient visit.

Common procedures patients undergo in both settings are
phlebotomy and measurement of vital signs, and a common
visit focus in the outpatient setting is a preventative examination
or annual physical examination (including obtaining vital signs).
An outline of narrative details was created that would help shape
the final visual representation of each step within the procedure
or visit. A landing page of potential scenarios for social stories
was created (Figures S1 and S2 in Multimedia Appendix 2),
with the standardized outpatient visit fully developed with 2
different representations, an animal or a person avatar. This
allowed the end user to choose the avatar that best reflected
their desire to represent themselves in an upcoming encounter.

Research and Prototype Testing
The scope of the themes was then identified by the research
team to provide the framework for the iterative prototyping of
the web-based application. The web-based application focused
on providing a visual and narrative aid to explain treatments or
procedures to the patients and caregivers. It also provided the
opportunity for the patient to react to the content (Table S1 and
Figure S1 in Multimedia Appendix 3).

In the phase 3 focus groups, there were a total of 19 participants
(Table 1) who provided feedback on the visual and narrative
examples (Figure 3) for the web-based application.
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Figure 3. Social story outlining the steps of a routine outpatient preventative examination. The patient or caregiver can select between an animal and
a person avatar that represents them throughout the social story.

SUS Results

HCP Results
On the basis of the HCP SUS scores (Table 2), the prototype
ranked in the “best imaginable” range with an average score of

93.125 (SD 6.67; 96th-100th percentile). However, due to the
small sample size, more participants would be needed to
accurately judge the usability and generalizability of the
prototype.

Table 2. System Usability Scale scores from health care providers.

Score (range 0-100)aRespondent ID

97.5HCP1

100HCP2

90HCP3

92.5HCP4

100HCP5

90HCP6

97.5HCP7

100HCP8

97.5HCP9

87.5HCP10

80HCP11

85HCP12

aAverage score: 93.125 (SD 6.67).
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Caregiver Results
The caregiver SUS scores (Table 3) also ranked the prototype

in the “best imaginable” range, with an average normalized
score of 88.08 (96th-100th percentile).

Table 3. System Usability Scale scores from caregivers.

Normalized score (range 0-100)bOriginal score (0-130)aRespondent ID

98.08127.5CGP1

86.54112.5CGP2

7597.5CGP3

96.15125CGP4

84.62110CGP5

aAverage score: 114.5 (SD 12.17).
bAverage score: 88.08 (SD 9.36).

Patient Results
The 2 patients surveyed rated the prototype just below the
average SUS score with an average score of 66.25 (SD19.45;
41st-59th percentile). This would place it in the “OK” range.

Cognitive Assimilation
Caregivers (n=5) consistently provided high scores on the
cognitive assimilation scale, with the lowest score being 4.2 for
“I was able to see it I was doing it right” and “The situation
seemed to flow smoothly” (Table S1 in Multimedia Appendix
4). However, patients (n=2) provided low scores on cognitive
assimilation, with an average of 2 for most of the questions
(Table S2 in Multimedia Appendix 4).

Focus Group Themes
Common themes from both HCPs and patients and caregivers
on the prototype centered on the user-friendly application design,
including the avatar choice between an animal and a person.
The design was overall appreciated as a general medical social
story. However, broad use among patients with special health
care needs of all age ranges may be limited by the spectrum of
ability. The current narrative explanations and visual aids are
most applicable to patients of a certain cognitive ability
regardless of chronological age. When used outside of that
scope, they may not be as effective for end user interaction.
However, both groups generalized applicability to neurotypical
children of a similar cognitive level:

Yeah, I thought that it was really well laid out. I
thought that as a mom and then also as like I’m a
pediatric nurse. So from both of those aspects, I feel
like this is something that we’re currently missing.
We’re not able to make those connections with our
pediatric patients because you know we don’t have
a lot of child friendly resources to kind of help them
prepare for different things that they may go through
in their health care process. [Caregiver]

Both patients and caregivers and HCPs provided feedback on
preferences regarding the ability to modify the scope of the
medical social story for various end users, including narrative
explanations, length, and increased avatar options, which may
increase general applicability and end user satisfaction:

You know some more of an adult or approaching
adults. A tween? Yeah, a tween. I would expect most
children would pick the giraffe. Yeah, but I would
think more teens and tweens would choose a teenager
type avatar. That would kind of bridge the gap
between the very childlike and juvenile appearance
and the more capturing the ages in between. [HCP]

Caregivers and patients with specific health care needs identified
potential areas of improvement to meet broader patient care
accessibility needs. The addition of an audio version with sign
language should be considered so that individuals that are hard
of hearing or cannot read can still use the application fully.

In the HCP feedback specifically, there was some concern about
being able to capture the many different permutations through
which an HCP could approach a case to meet the needs of each
individual patient or account for variances within a health care
system in terms of what information is included. In addition,
as the nature of patients with special health care needs may
result in frequent encounters with the health care system, the
application needs to have the ability to be personalized for
repeated similar health care interactions for patients:

We use freezy spray so I can speak to that, but you
know the hospital will use numbing cream, you know,
and it is, you know, you use these words, but they
have different things that we can use. Some people
use a little light to see your vein. Sometimes you know.
[HCP]

Going back to this surgery example, kids have to be
under a certain weight to get a mask induction versus
the IV induction and so you can’t even break it down
by 8 years if you have a 7-year-old that weighs the
same as in 12-year-old. The seven-year-old will get
the IV right? Yeah, it it’s very specific. [HCP]

Discussion

Principal Findings
The initial objective of this project was to create a web-based
application that would facilitate communication for patients
with complex, special health care needs during interactions with
their health care team. Through a 3-phase human-centered
design process, we identified communication needs for patients
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with complex, special health care needs; their caregivers; and
their HCPs. Key themes informed prototype development. The
prototype was then reviewed by a group of stakeholders; the
results of focus groups with end users support overall usability
and utility for certain patient populations.

The results from the phase 1 interviews identified areas of
opportunities and challenges in communication for patients with
special health care needs in health care encounters. Specifically,
HCPs’ level of comfort and inclusive communication with the
patients and their caregivers during clinical encounters were
two areas identified as needing improvement. Patients notably
display a broad range of communication abilities, particularly
when using alternative and augmentative communication
methods. Interestingly, capacity for direct verbal communication
may not directly reflect an individual’s cognitive ability. This
finding highlights how assumptions on patient function and
ability and possible ableism may create additional
communication barriers during a patient encounter. Additionally,
a high reliance on caregivers for verbal communication of the
patient status may further complicate the patient’s relationship
with the health care team, whereas using communication devices
available allows for direct communication with the patient. This
was consistent with our initial hypothesis and experience within
the health care system. Although our data suggest additional
multiple areas of opportunity to enhance communication, we
focused on the findings most relevant to the interactions among
HCPs, patients, and caregivers during an encounter for prototype
development. In phase 2, construction of the prototype elements
was important to consider for scalability and future digital
interfaces. The design of the medical social stories was chosen
to depict routine experiences for all patients and their families
but potentially significant barriers for patients with complex,
special health care needs due to the physical environment and
impaired communication and rapport with the health care team.
Generated images of an animal or person avatar were
incorporated to provide options for individual preferences, but
creating avatars using personalized variables was not possible
during prototype creation to remain within the scope. Striking
an appropriate balance among the development of a web-based
application, functionality, and scalability was at the forefront
of our decisions when finalizing prototype details. In phase 3,
the qualitative feedback from stakeholders highlighted
consistencies and potential applicability to a focused patient
population with communication barriers and intellectual
disabilities. The qualitative feedback from HCPs and caregivers
identified that this prototype may be applicable to patients with
typical development at the same cognitive level. Overall,
caregiver and HCP testing was supportive of the prototype
meeting the standards for usability [30]. The combination of
the qualitative and quantitative data was positively congruent
with HCPs and caregivers, but the small sample size prevents
solid conclusions on usability and generalizability to both other
institutions and other patient groups with special health care
needs.

Limitations of this study include the representativeness of the
sample in both size and diversity of disease processes that result
in specialized health care needs. Therefore, the full scope of
opportunities and challenges faced by patients across the
continuum may not be identified. Thus, the broad applicability
of a prototype designed for all patients with special health care
needs would need further validation across a larger sample size
and across multiple areas of care delivery within the health care
system. In addition, there was a broad range of levels of ability
among patients in the phase 1 interviews, which created variable
outcomes in the design of the prototype. Building a prototype
that would meet the needs of an innately unique population of
patients with varying levels of ability within the same diagnoses
exceeded the scope and timeline of the first cycle of this project
but is a rich area for further refinement and implementation.
Finally, just as the patients are unique, so are the individual
approaches that health care team members bring to their patient
care. For example, the approach to anesthesia for a surgical
procedure may vary depending on the HCP and the patient’s
unique needs, which, therefore, could limit the generalization
of the medical social story.

Conclusions
Our study identified an area of further exploration for increasing
successful health care interactions with patients with special
health care needs through using social stories in a web-based
application. Providing a mechanism to prepare patients and their
caregivers for health care interactions by introducing a
standardized process allows for structure, visibility, and
appropriate anticipation. This also allows for the engagement
of HCPs to communicate with patients and families before busy
encounters to help set expectations and also potentially reduce
anxiety about the unknown. As noted in the stakeholder
feedback, these features are also applicable for health care
interactions involving neurotypical patients. Future areas of
research will be to further the development of the web-based
application, including expansion of the medical social stories
for increased applicability and evaluating implementation in
the workplace for feasibility. In future ambulatory workflow
states, distributing the relevant social stories through the
electronic medical record before an upcoming health care
encounter would mimic the use of social stories in other settings.
During inpatient admissions, the social stories may be deployed
by caregivers or bedside nursing staff for individualized
preparation for the health care process and procedures. Once
the workflows are established, an evaluation of patient,
caregiver, and HCP satisfaction is warranted to ensure usability
and impact. In addition, consideration of a built-in functionality
for a caregiver or patient to select an estimated cognitive ability,
which may increase applicability to broader neurotypical and
neurodivergent patient populations, would require flexibility in
terms of social story content and avatar selection. Finally, other
common themes that were identified as areas of need were the
ability to provide an updated interface with the health care team
highlighting important, individualized care elements; patient
advocacy; and preferred interfaces with electronic health records.
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Abstract

Background: In Catalonia, Spain, pediatric primary care is undergoing restructuring, including greater integration of information
and communication technologies. The adoption of digital health solutions has increased notably since the COVID-19 pandemic.
In areas with limited availability of health care professionals, digital tools are a key strategy for facilitating access to services and
ensuring continuity of care.

Objective: This study aimed to evaluate the feasibility, diagnostic agreement, and satisfaction of users and professionals of an
acute pediatric video consultation model, referred to as video interconsultation, that includes a synchronous remote physical
examination and takes place between health care professionals.

Methods: This was a 20-month prospective within-patient diagnostic accuracy study including 200 children (aged 0‐14 y)
with acute conditions in rural primary care in Catalonia. A secure, closed, real-time, web-based, clinician-assisted video consultation
platform enabled remote pediatric assessment—visual examination, audio auscultation via a digital stethoscope, and
caregiver-reported symptoms—with a pediatrician remotely guiding a nurse physically present with the child. The intervention
was compared, in all cases, with a standard in-person pediatric assessment as the reference standard. Outcomes were feasibility,
diagnostic accuracy, and user and professional satisfaction. The platform was developed based on telemedicine usability and
clinical safety principles.

Results: Of the 200 children enrolled, remote video consultations were successfully completed in 64.5% (129/200) of cases.
Diagnostic agreement with in-person assessment was 78.2% (129/165). Overall mean diagnostic accuracy across all diagnoses
was 0.99 (95% CI 0.98‐1.00), with a mean specificity of 0.99 (95% CI 0.98‐1.00) and a mean sensitivity of 0.90 (95% CI
0.84‐0.95), varying by condition, with lower performance for pathologies requiring detailed physical examination. Overall,
95% (190/200) of users and 74% (148/200) of professionals reported a positive experience.

Conclusions: The proposed pediatric video consultation model was feasible, accurate, and well accepted for managing a
substantial proportion of acute pediatric conditions in primary care. Its implementation could improve access to medical care in
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rural areas and help reduce health care disparities. Further research is needed to support scalability and implementation in routine
clinical practice.

International Registered Report Identifier (IRRID): RR2-10.2196/52946

(JMIR Pediatr Parent 2026;9:e82133)   doi:10.2196/82133
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interconsultation; pediatrics; primary health care; remote consultation; rural health services; telemedicine; video consultation

Introduction

Background
In Catalonia, children and adolescents represent nearly 20% of
the total population. These life stages are critical for
development and have specific health needs and challenges.
Health interventions during childhood and adolescence have
both short- and long-term effects on adult health. Therefore,
prevention, health promotion, and equitable access to
high-quality pediatric care are essential priorities for the health
system [1]. Ensuring appropriate care requires access to a
pediatric referral team composed of pediatricians and specialized
nurses [2].

When primary care teams include professionals with formal
pediatric training, clinical practice becomes more efficient and
better aligned with children’s needs. Appropriate prescribing
improves (particularly of antibiotics), vaccination coverage
increases, and unnecessary diagnostic tests and specialist
referrals decrease [3]. Similarly, pediatric-trained nurses play
a key role in primary care by promoting child health within the
community and schools, supporting the management of pediatric
demand, and contributing to improved overall quality of care
[4].

However, many regions, particularly rural and underserved
areas, face a shortage of pediatric specialists, which challenges
the continuity and quality of pediatric health care by limiting
timely access to diagnosis and treatment. According to the
Catalan Pediatrics Society, all primary care pediatric positions
in Catalonia are currently filled; however, more than one-third
are occupied by general practitioners who, although not pediatric
specialists, provide pediatric care in primary care settings [5].
This proportion has increased in recent years, and the geographic
distribution of pediatric providers remains uneven, making
recruitment especially difficult in rural areas [6]. Similar patterns
have been reported in other European countries and in the United
States [7,8].

In this context, digital health tools have emerged as promising
strategies to support primary care teams, improve access to
pediatric expertise, and reduce disparities between urban and
rural populations.

In Catalonia, the primary care system already incorporates
information and communication technologies to enhance
communication between patients and health care professionals,
including eConsulta—an asynchronous teleconsultation
platform—complementing telephone consultations [9]. The use
of video consultations, however, remains limited despite a
temporary increase during the COVID-19 pandemic. Although

still rarely used in routine primary care, this experience has
prompted renewed interest in exploring their potential
applications in daily clinical practice [10].

Simple digital devices can now be integrated into video
consultations to enable remote physical examinations using a
digital camera, video otoscope, and digital stethoscope [11].
Initially designed for home use by caregivers, these devices
allow pediatricians to receive real-time clinical information
through a virtual connection. Similar telemedicine solutions are
already implemented in several European countries and the
United States, mainly in private health care settings [12,13].

When combined with these digital tools, video consultations
can facilitate real-time collaboration between health care
professionals. In this model, a nurse physically present with the
patient performs the remote examination under the pediatrician’s
guidance, allowing both history taking and a basic remote
physical examination to be conducted synchronously. As this
interaction occurs between health care professionals, it is
referred to as a video interconsultation.

This approach is particularly suitable for acute pediatric
cases—commonly referred to as same-day or urgent visits—that
require pediatric assessment within 48 hours. Implementing this
model could enhance access to pediatric care in remote areas,
promote territorial equity, and reduce unnecessary emergency
department referrals.

However, the limited evidence on the use of digital tools such
as video interconsultation in pediatric primary care highlights
the need to develop and evaluate new technology-integrated
models of care, especially in rural areas [14].

Objectives
This study aimed to evaluate the feasibility of a synchronous
acute pediatric video interconsultation model that integrates a
remote physical examination and is conducted between health
care professionals, one of whom is physically present with the
patient, in the rural primary care setting of Catalonia.

The study also sought to assess diagnostic adequacy compared
with in-person visits and satisfaction among users and health
care professionals, considering quality of care, patient safety,
and key influencing factors such as reason for consultation,
patient age, and visit duration.

This pediatric video interconsultation model is hypothesized to
be a feasible, diagnostically adequate, and well-accepted
approach in rural primary care settings.

JMIR Pediatr Parent 2026 | vol. 9 | e82133 | p.53https://pediatrics.jmir.org/2026/1/e82133
(page number not for citation purposes)

Castillo-Rodenas et alJMIR PEDIATRICS AND PARENTING

XSL•FO
RenderX

http://dx.doi.org/10.2196/82133
http://www.w3.org/Style/XSL
http://www.renderx.com/


Methods

Study Protocol
The study protocol has been published in a separate publication
[15].

Study Design
This was a prospective observational diagnostic accuracy study
conducted in a real-world primary care setting, without
modification of routine clinical practice. Each participant
underwent both the index test (video interconsultation) and the
reference standard (in-person visit) during the same clinical
encounter, enabling a within-participant comparison of
diagnostic performance.

Blinding of participants, clinicians, or outcome assessors was
not feasible due to the design: the same pediatrician performed
both evaluations sequentially in the same visit, and therefore,
all parties were aware of the modality used. As the intervention
was limited to a single synchronous video consultation per
episode, the study design did not involve repeated use or
longitudinal tracking of digital engagement.

Standard in-person pediatric assessment was selected as the
reference comparator because it represents current clinical
practice and the diagnostic gold standard in primary care.

The study follows the STROBE (Strengthening the Reporting
of Observational Studies in Epidemiology) guidelines,
incorporates relevant STARD (Standards for Reporting
Diagnostic Accuracy Studies) principles, and adheres to
CONSORT-EHEALTH recommendations, an extension of the
CONSORT (Consolidated Standards of Reporting Trials)
statement for reporting digital health interventions [16-18].

Setting and Period
The study was conducted within the primary care network of
the Central Catalonia Health Region (Institut Català de la Salut)

at the Cardona Primary Care Center by the pediatric care team.
This rural area provides services to approximately 5000
residents, including approximately 800 children aged 0 to 14
years, with a population density of 68 inhabitants per square
kilometer.

Data collection took place from June 7, 2023, to January 22,
2025. Diagnostic confirmation occurred immediately after the
video consultation through the in-person reassessment; therefore,
no additional follow-up was required.

No technological or operational changes occurred during the
study that could have affected the feasibility or diagnostic
performance of video interconsultations.

Participants
Eligibility criteria included children aged 0 to 14 years
presenting with acute conditions requiring care within 48 hours.
Acute illness was defined as a condition requiring medical
attention within 48 hours. Parental informed consent was
mandatory.

The exclusion criteria were routine checkups, chronic condition
follow-ups, emergencies requiring immediate in-person care,
cases that could be managed autonomously by nursing staff,
and an absence of informed consent.

Sample Size and Sampling
A convenience sample of all eligible cases was included. To
ensure adequate power for the main objective, the minimum
required sample size was estimated at 170 cases to assess the
feasibility and diagnostic concordance of video
interconsultations compared with in-person visits. The
calculation was conducted using the GRANMO-DATARUS
online tool, with a 95% CI, an 8% margin of error, and an
anticipated 10% dropout rate [19]. A total of 200 cases were
recruited. Participant flow is shown in Figure 1.
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Figure 1. Sequential case collection process from recruitment and video interconsultation to in-person assessment, satisfaction evaluation, and data
recording.

Digital Health Intervention and Procedures

Information and Consent
Families were informed in person by the pediatric nurse during
the visit, before enrollment.

Video Interconsultation (Index Test)
A secure, encrypted Microsoft Teams video call connected the
pediatrician remotely with the onsite nurse and patient. With
the pediatrician’s guidance, the nurse performed a physical
examination using a digital camera, a video otoscope, and a
digital stethoscope. A remote diagnostic impression was
recorded. Example images are shown in Figure 2.
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Figure 2. Images of the pharynx and tympanic membrane captured during the remote physical examination and the certified digital camera and digital
video otoscope used in the study.

In-Person Reassessment (Reference Standard)
Immediately afterward, the same pediatrician performed a
face-to-face evaluation and confirmed the final diagnosis.

Satisfaction Assessment
At the end of the visit, two brief questionnaires were
administered: one for users (patients and families) and one for
health care professionals (categorized as receiving pediatricians,
assistant nurses, or observers).

Data Collection
Data were collected using Microsoft 365 Forms via encrypted
institutional accounts and stored on secure health services
servers. All participants were exposed; no comparison group
was included. As this trial was conducted in a rural primary
care environment, all video consultations were mediated by
trained health care staff.

A total of three data collection tools were used: (1) a clinical
form, (2) a professional satisfaction questionnaire (validated
Catalan version of the Health Optimum Telemedicine
Acceptance Questionnaire) [20], and (3) a user satisfaction
questionnaire (adapted from the Northern Saskatchewan
Telehealth Network) [21].

No privacy breaches or adverse events occurred. Technical
issues were managed by redirecting participants to an in-person
assessment when needed.

Variables
The following variables were collected to describe the
characteristics of the sample and to assess the feasibility,
diagnostic adequacy, and satisfaction associated with pediatric
video consultations:

• Sociodemographic variables

• • Age: grouped into five 3-year intervals
• Sex: female, male, or nonbinary

• Clinical variables

• • Reason for consultation: recorded individually and
categorized by affected system or area (respiratory;
otorhinolaryngology or ear, nose, and throat;
gastrointestinal; infectious diseases; dermatology;
musculoskeletal; ocular; and other)

• Diagnosis: recorded individually and categorized using
the same classification

• Feasibility variables

• • Feasibility: feasible or infeasible based on the ability
to establish a safe and appropriate diagnosis. Patient
safety indicators are included in feasibility, defined as
the ability to reach a correct diagnosis without causing
harm.

• Duration of both consultations (in minutes)
• Limiting factors of nonfeasibility: classified into 6

groups (need for in-person physical examination,
telematic auscultation difficulty, camera visualization
difficulty, video otoscope visualization difficulty,
urgent demand, and lack of patient cooperation)

• Diagnostic adequacy variables

• • Diagnostic concordance: correct or incorrect, using the
in-person visit as the gold standard

• Sensitivity, specificity, and accuracy of the video
interconsultation
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• Satisfaction variables

• • Professional satisfaction score
• User satisfaction score

Outcomes Measures
The primary outcomes were the feasibility and diagnostic
accuracy of the pediatric video interconsultation model
compared with in-person visits, as well as satisfaction levels
among health care professionals and users.

The secondary outcomes included factors limiting feasibility
(reason for consultation, patient age, and visit duration) and
potential barriers identified during the implementation process.

Statistical Analysis
Categorical variables were summarized using absolute
frequencies and percentages, whereas continuous variables were
described using means and SDs. Associations between
categorical variables were analyzed using the Pearson chi-square
test or Fisher exact test when expected cell counts were less
than 5. For continuous variables, comparisons were made using
the t test or, when normality assumptions were not met, the
Mann-Whitney U test.

Diagnostic performance of video consultations was evaluated
using sensitivity, specificity, and overall diagnostic accuracy,
considering the in-person assessment as the reference standard.
CIs for accuracy estimates were calculated using the Wilson
method. Diagnostic concordance was assessed using the Cohen
κ coefficient, and Gwet’s first-order agreement coefficient
(AC1) was additionally computed to account for potential
prevalence and bias effects. The binomial test was used to
analyze the type and direction of diagnostic disagreements.
When cell counts were small, estimates were interpreted with
caution due to limited statistical power.

All estimates were reported with 95% CIs, and statistical
significance was set at P<.05. Statistical analyses were
performed using R software (version 4.0.3; R Foundation for
Statistical Computing).

Ethical Considerations
This study was approved by the Ethical Committee for Research
in Medicines of the Jordi Gol i Gurina Primary Care Research
Institute (Barcelona, Spain; registration number 22/236-P; March
8, 2023).

As participants were minors, written informed consent from
their parents or legal guardians was mandatory. Families
received both oral and written information about the study at
the time of the visit, before providing consent. The information
included the study purpose, procedures (first, a video
consultation performed with the pediatric nurse onsite while
the pediatrician participated remotely, followed by a
conventional in-person visit with the same pediatrician),

eligibility criteria, potential risks, confidentiality, and lawful
data protection. Participation was voluntary, and withdrawal
was possible at any time without consequences for clinical care.
Contact details of the principal investigator were provided to
address any present or future questions. No images or videos
were recorded during the video consultations, except in isolated
cases where photographs of clinical findings were taken with
explicit informed consent and used exclusively for research or
training purposes, ensuring that patients could not be identified.
Participants did not receive any financial or other form of
compensation for participation in the study.

The telemedicine assessment was supplementary to standard
in-person clinical care, ensuring that no diagnostic or therapeutic
decisions relied solely on the digital evaluation. Video calls
were conducted using secure and encrypted systems to ensure
the confidentiality of clinical information.

All researchers signed a confidentiality agreement concerning
the treatment and use of study data. No direct personal identifiers
were collected, and all data were pseudonymized and processed
confidentially. Access to the data was restricted exclusively to
the research team. The project database is hosted on secure
servers of the Primary Care Management and Community of
the Catalan Health Institute (Institut Català de la Salut), which
acts as the data processor. Data retention is planned for 10 years,
and no international data transfers are anticipated.

The research team will only use the coded database for scientific
purposes (eg, journal articles, scientific reports, and book
chapters). The study was conducted in full compliance with the
ethical principles of the Declaration of Helsinki (1964) and its
latest amendment (Fortaleza, 2013), as well as with the European
General Data Protection Regulation (GDPR EU 2016/679) and
Spanish Organic Law 3/2018 on the Protection of Personal Data
and Guarantee of Digital Rights.

Results

Participant Characteristics
A total of 200 pediatric video interconsultations for acute
conditions were conducted in rural primary care. All
diagnosis-related data were complete for all included cases; no
missing diagnostic data were present. The sample distribution
by age and sex, along with the main reasons for consultation,
is summarized in Table 1. These reasons are provided both
individually and grouped by system to facilitate analysis:
respiratory, otorhinolaryngology or ENT, gastrointestinal,
infectious diseases, dermatology, trauma, ocular, and other. The
most prevalent reasons for consultation were respiratory,
otorhinolaryngologic, and dermatologic conditions, with cough,
earache, and skin lesions being the most frequent symptoms,
followed in frequency by fever and odynophagia. Specific
reasons for consultation for each organ system are provided in
Multimedia Appendix 1.
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Table . Characteristics of the sample (N=200).

ValuesCharacteristics

Patient sex, n (%)

98 (49)    Female

102 (51)    Male

Patient age (y), n (%)

38 (19)    0‐2

44 (22)    3‐5

48 (24)    6‐8

37 (18.5)    9‐11

33 (16.5)    12‐14

Grouped consultation reasons, n (%)

57 (28.5)    ENTa

55 (27.5)    Respiratory

23 (11.5)    Dermatology

21 (10.5)    Infectious

13 (6.5)    Trauma

11 (5.5)    Gastrointestinal

7 (3.5)    Ocular

13 (6.5)    Other

Duration (minb), mean (SD)

7.13 (3.85)    Video interconsultation

3.96 (1.57)    In-person visit

Feasibility video interconsultation, n (%)

129 (64.5)    Feasible

71 (35.5)    Infeasible

aENT: ear, nose, and throat.
bP value <.001 based on an independent samples Student t test.

Regarding consultation duration, video interconsultations had
a significantly longer mean duration (P<.001) of 7.13 (SD 3.85)
minutes compared with in-person visits, which had a mean
duration of 3.96 (SD 1.57) minutes.

Feasibility
Video interconsultation was feasible in 129 (64.5%) of the 200
cases. In these visits, the video interconsultation could be
completed appropriately, providing the necessary data to issue
a reliable diagnosis while maintaining quality of care and patient
safety.

In 71 (35.5%) cases, video interconsultation was not feasible.
The causes were analyzed, and the most frequent cause of

infeasibility was the inability to perform a complete physical
examination electronically, requiring redirection to an in-person
visit (27/71, 38%). Other limitations included difficulties in
interpreting online auscultation (18/71, 25.4%), problems
viewing images obtained with the digital camera (12/71, 16.9%),
and problems with the video otoscope (10/71, 14.1%). In 5 (7%)
cases, the consultation was urgent and could not be completed
via video, and in 2 (2.8%) cases, the patient’s lack of
cooperation prevented completion. In 3 (4.2%) cases, there were
combined technical difficulties, with simultaneous problems in
interpreting images from both the digital camera and the video
otoscope or in the quality of auscultation through the electronic
stethoscope (Table 2).
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Table . Reasons for infeasibility of video interconsultations and corresponding frequencies (N=71).

Frequency, n (%)Reasons for video interconsultation infeasibilitya

27 (38)Need for an in-person physical examination

18 (25)Difficulty with remote auscultation

12 (17)Limited visibility through digital camera

10 (14)Limited visibility through video otoscope

5 (7)Urgent consultation required

2 (3)Lack of patient cooperation

aMultiple reasons were reported in 3 cases.

A bivariate analysis was conducted to identify demographic
and clinical variables potentially associated with the feasibility
of video interconsultations.

Categorical variables, including patient sex, age group,
diagnostic adequacy, and the clinical category of the consultation
reason, were compared between feasible and nonfeasible cases
using the chi-square test. A P value <.05 was considered
statistically significant. No significant associations were found
between feasibility and the patient’s sex or age group.

However, a statistically significant relationship was observed
between feasibility and the clinical category of the consultation
reason. Consultations related to gastrointestinal,
musculoskeletal, and other conditions showed a higher
proportion of nonfeasible cases, whereas those for dermatologic,
ocular, and otorhinolaryngologic conditions demonstrated a
higher proportion of feasible cases.

Diagnostic adequacy was also significantly associated with
feasibility, as all cases classified as feasible presented correct
diagnostic agreement (P<.001; Table 3).

Table . Bivariate analysis of main variables by feasibility of telemedicine visits.

P valueaFeasible (n=129)Infeasible (n=71)Variables

.21Patient sex, n (%)

68 (52.7)30 (42.3)    Male

61 (47.3)41 (57.7)    Female

.19Patient age (y), n (%)

23 (17.8)15 (21.1)    0‐2

35 (27.1)9 (12.7)    3‐5

28 (21.7)20 (28.2)    6‐8

24 (18.6)13 (18.3)    9‐11

19 (14.7)14 (19.7)    12‐14

<.001Diagnostic agreement, n (%)

129 (100)35 (49.3)    Correct

0 (0)36 (50.7)    Incorrect

<.001Reason for consultation, n (%)

35 (27.1)20 (28.2)    Respiratory

45 (34.9)12 (16.9)    ENTb

1 (0.8)10 (14.1)    Gastrointestinal

4 (3.1)9 (12.7)    Trauma

4 (3.1)9 (12.7)    Other

13 (10.1)8 (11.3)    Infectious

20 (15.5)3 (4.2)    Dermatology

7 (5.4)0 (0)    Ocular

aP values calculated using the χ² test.
bENT: ear, nose, and throat.
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Accuracy
Regarding diagnostic accuracy, diagnoses were grouped by
system, using the same eight categories as the reasons for
consultation: respiratory, otorhinolaryngology, gastrointestinal,
infectious diseases, dermatology, trauma, ocular, and other. In
all 129 cases in which video interconsultation was feasible,
diagnostic concordance with the in-person visit was observed,
as this was considered inherent to the concept of feasibility.

In contrast, among the 71 nonfeasible cases, diagnostic
discrepancies between the video interconsultation and the
subsequent in-person visit were identified in 36 instances. To
calculate diagnostic agreement, 165 valid cases were included,

as 35 cases were excluded because of insufficient data for
diagnostic evaluation. Diagnostic concordance between the
video interconsultation and the in-person assessment was
observed in 129 (78.2%) of 165 feasible cases. In the remaining
36 (21.8%) cases, the diagnoses differed between the 2
assessment modalities. Figure 3 shows the flow of participants
through the study and the diagnostic concordance analysis.

Cohen κ coefficient for telematic–in-person diagnostic
concordance was 0.36, indicating fair agreement. However,
given the unbalanced distribution of diagnostic categories,
Gwet’s AC1 coefficient was also computed, yielding a value
of 0.67, which indicates substantial agreement, according to the
Landis and Koch scale.

Figure 3. Flow of participants throughout the study according to diagnostic agreement analysis. The different percentages for all subgroups are indicated
in relation to the corresponding group.

Among the 36 (21.8%; total 165) cases of showing a diagnostic
discrepancy between the telematic and in-person assessments,
10 (27.8%) cases were attributed to the need for a complete
physical examination to establish an accurate diagnosis. The
distribution of these cases was as follows: 5 involved the
musculoskeletal system, 3 were related to the gastrointestinal
system, 1 was related to infectious diseases, and 1 was related
to other conditions.

Of the remaining 26 (72.2%) discordant cases, the type of
diagnostic discrepancy and its distribution by organ system and
specific diagnosis were analyzed (Table 4). Most discrepancies
were underdiagnoses (23/26, 88.5%), while 5 (19.2%) cases
represented overdiagnoses. The exact binomial test showed that
the proportion of underdiagnoses was significantly greater than
50% (95% CI 69.8%‐97.6; P<.001).
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Table . Types and frequencies of diagnostic discrepancies between video interconsultations and in-person visits (n=26).

Casesa n (%)Discrepancy type (video interconsultation vs in person)

Underdiagnosis of respiratory conditions

6 (23.1)    Bronchospasm

4 (15.4)    Respiratory superinfection

1 (3.8)    Bronchiolitis

Overdiagnosis of respiratory conditions

2 (7.7)    Bronchospasm

Underdiagnosis of ENTb conditions

3 (11.5)    Acute otitis media

3 (11.5)    Herpangina

2 (7.7)    Otitis externa

1 (3.8)    Streptococcal pharyngitis

1 (3.8)    Dental abscess

Overdiagnosis of ENT conditions

3 (11.5)    Acute otitis media

Underdiagnosis of dermatology conditions

1 (3.8)    Atopic dermatitis

1 (3.8)    Scarlet fever

aOne case involved both underdiagnosis in the respiratory system and overdiagnosis in ENT. Another case showed both underdiagnosis and overdiagnosis
within ENT.
bENT: ear, nose, and throat.

Of the 23 (88.5%; total 26) underdiagnosed cases in the video
interconsultation assessment, 11 (%) corresponded to the
respiratory system, 10 (%) corresponded to otorhinolaryngology,
and 2 (%) corresponded to dermatology. The distribution of
underdiagnoses by organ system did not differ significantly
from a uniform distribution (Fisher exact test, P=.08).

Regarding overdiagnosis, of the 5 (19.2%) detected cases, 2
(%) involved the respiratory system, and 3 (%) involved the
otorhinolaryngology system. Given the small sample size, no
specific pattern could be confirmed or ruled out, and the Fisher
exact test also showed no significant deviation from a uniform
distribution (P≈.6).

In 2 cases, both underdiagnosis and overdiagnosis occurred
simultaneously and were therefore classified in both categories.
In 1 case, overdiagnosis involved an otorhinolaryngologic
condition and underdiagnosis a respiratory one; in the other,
both diagnoses were within otorhinolaryngology, where acute
otitis media was incorrectly diagnosed instead of otitis externa
during the video interconsultation.

The accuracy, sensitivity, and specificity of each diagnosis
obtained via video interconsultation were estimated using the

in-person diagnosis as the gold standard. Importantly, the mean
diagnostic accuracy of video interconsultations across all
conditions was 0.99 (95% CI 0.98‐1.00). The mean overall
specificity was 0.99 (95% CI 0.98‐1.00), and the mean overall
sensitivity was 0.90 (95% CI 0.84‐0.95).

The diagnostic performance metrics for each clinical category,
organized by organ system, are summarized in Table 5. A high
level of diagnostic agreement was observed between video and
in-person consultations across all categories, with accuracy
values exceeding 0.92 and ranging from 0.93 to 1.00. Video
interconsultations demonstrated the best performance for
otorhinolaryngologic, dermatologic, and trauma-related
conditions, which also showed high sensitivity and specificity.
In contrast, respiratory diagnoses had lower sensitivity (0.68,
95% CI 0.51‐0.82), suggesting a potential risk of diagnostic
underestimation during video interconsultations. Detailed
diagnostic performance metrics by specific condition, along
with the corresponding frequency distribution, are provided in
Multimedia Appendix 2. CIs should be interpreted with caution
in categories with small sample sizes.
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Table . Diagnostic frequency by system in video and in-person consultations, with corresponding accuracy, sensitivity, and specificity (N=200).

Specificity (95% CI)Sensitivity (95% CI)Accuracy (95% CI)In-person visit, n (%)Video visit, n (%)Organ system

0.88 (0.80‐0.93)0.97 (0.91‐0.99)0.92 (0.87‐0.95)96 (48)106 (53)ENTa

0.99 (0.96‐1.00)0.68 (0.51‐0.82)0.93 (0.89‐0.96)38 (19)28 (14)Respiratory

1.00 (0.98‐1.00)0.95 (0.77‐1.00)0.99 (0.97‐1.00)22 (11)21 (10.5)Dermatology

1.00 (0.98‐1.00)0.92 (0.64‐1.00)0.99 (0.97‐1.00)13 (6.5)12 (6)Trauma

0.99 (0.97‐1.00)1.00 (0.66‐1.00)0.99 (0.97‐1.00)9 (4.5)10 (5)Gastrointestinal

0.99 (0.96‐1.00)0.89 (0.52‐1.00)0.98 (0.96‐1.00)9 (4.5)10 (5)Other

0.99 (0.97‐1.00)0.86 (0.42‐1.00)0.99 (0.96‐1.00)7 (3.5)7 (3.5)Infectious

1.00 (0.98‐1.00)1.00 (0.59‐1.00)1.00 (0.98‐1.00)7 (3.5)7 (3.5)Ocular

aENT: ear, nose, and throat.

Professional Satisfaction
Professional satisfaction, assessed through the validated Catalan
version of the Health Optimum Telemedicine Acceptance
Questionnaire, was analyzed by comparing responses across
three professional groups—receivers (pediatricians), assistants
(nurses), and observers (residents and students)—using the
chi-square tests (Table 6).

In terms of perceived quality, 74% (148/200) of professionals
rated the video interconsultation as equal to or higher than
in-person care, whereas 26% (52/200) perceived it as lower.
This assessment differed significantly among professional
groups (P<.001). Nursing assistants expressed the most
favorable opinions (42/47, 89.4%, positive ratings), similar to
observers (41/46, 89.1%), whereas receivers (pediatricians)
were less favorable, with 50.5% (54/107) positive and 43%
(46/107) negative ratings.

Overall, 94.5% (189/200) of participants believed that
telemedicine could have a positive impact on patient health,

4.5% (9/200) thought it had no influence, and 1% (2/200)
considered that it might worsen patient outcomes. When
analyzed by professional group, receivers reported in 99.1%
(106/107) of visits that telemedicine could improve patient
health, compared with 78.7% (37/47) among assistants and
100% (200/200) among observers. Among assistants, 4.3%
(2/47) indicated that telemedicine could negatively affect
patients’ health.

With respect to the continuity of telemedicine use, 83.4%
(166/199) of professionals indicated that improvements were
needed in infrastructure or organization. Receivers were
particularly likely to request such improvements (96/107,
89.7%), compared with assistants (15/47, 31.9%) and observers
(7/45, 15.6%; one observer did not provide a response to this
item).

Differences among professional groups were statistically
significant for both perceived quality (P<.001) and willingness
to continue using telemedicine (P=.004).
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Table . Health care professionals’ satisfaction with telemedicine and video interconsultation.

P valuebObserverc (other profes-

sionalsa; n=46), n (%)

Receiver (pediatrician;
n=107), n (%)

Assistant (nurse;
n=47), n (%)

Total (N=200), n (%)Opinion professionals

<.001Perceived quality

26 (56.5)12 (11.2)25 (53.2)63 (31.5)    Very good

15 (32.6)42 (39.3)17 (36.2)74 (37)    Good

3 (6.5)7 (6.5)1 (2.1)11 (5.5)    Fair

1 (2.2)31 (29)3 (6.4)35 (17.5)    Poor

1 (2.2)15 (14)1 (2.1)17 (8.5)    Very poor

<.001Perceived impact

0 (0)1 (0.9)8 (17)9 (4.5)    No

46 (100)106 (99.1)37 (78.7)189 (94.5)    Yes, positive

0 (0)0 (0)2 (4.3)2 (1)    Yes, negative

.004Intent to continuec

7 (15.6)11 (10.3)15 (31.9)33 (16.6)    Unchanged

38 (84.4)96 (89.7)32 (68.1)166 (83.4)    Improved

aOther professionals included residents and students.
bP values were calculated using the χ² test.
cOne observer did not provide a response to this item.

User Satisfaction
User experience, measured using a survey adapted from the
Telehealth Network Questionnaire (Northern Saskatchewan
Telehealth Network) and completed by the accompanying adults
responsible for the child, was rated as very good in 74.5%
(149/200) of the 200 cases and good in 20.5% (41/200). A total
of 4.5% (9/200) of participants described the experience as poor,
and 0.5% (1/200) of participants described the experience as
very poor (Table 7).

In addition, 92% (184/200) of families reported that they would
be willing to repeat the video interconsultation in the future
(142/200, 71%, very likely, and 42/200, 21%, likely), whereas
only 8% (16/200) expressed reluctance (12/200, 6%, unlikely
and 4/200, 2%, very unlikely).

To explore whether these perceptions were shared by health
care professionals, a correlation analysis between user and
professional satisfaction for each visit revealed a weak but
statistically significant positive correlation (r=0.182, 95% CI
0.044‐0.312; P=.009).

Table . Users’ satisfaction with telemedicine and video interconsultation (N=200).

Total, n (%)Opinion users

Overall quality

149 (74.5)    Very good

41 (20.5)    Good

9 (4.5)    Poor

1 (0.5)    Very poor

Willingness to repeat

142 (71)    Very likely

42 (21)    Likely

12 (6)    Unlikely

4 (2)    Very unlikely
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Discussion

Principal Findings
This study evaluated whether a synchronous video consultation
model—including remote physical examination guided by a
pediatrician and supported by an onsite pediatric nurse—is a
feasible, clinically appropriate, and well-accepted approach to
managing acute pediatric conditions in rural primary care in
Catalonia.

Feasibility was achieved in nearly two-thirds of cases, allowing
completion of a safe and adequate remote assessment. Among
feasible cases, diagnostic performance was high, with substantial
agreement between telemedicine and in-person evaluations.
Video consultations also demonstrated high diagnostic accuracy
and sensitivity, along with near-optimal specificity. However,
performance varied by clinical condition, suggesting that
limitations inherent to remote assessment (eg, reduced ability
to detect subtle clinical signs) may reduce sensitivity in certain
scenarios.

Process outcomes further supported implementation: satisfaction
was very high among families and positive among health care
professionals, and consultation duration remained acceptable
despite the inclusion of a remote physical examination.

Together, these findings indicate that—when appropriate
feasibility and safety criteria are met—this telemedicine model
can effectively complement, rather than replace, in-person
pediatric care in underserved regions, thereby contributing to
improved health equity and accessibility.

Furthermore, these findings could be applicable to other
pediatric primary care settings with similar digital infrastructure
and staffing resources. However, as this was an observational,
single-center study without randomization, these findings should
be interpreted with caution regarding their external validity.

Comparison With Prior Work
These results are consistent with the current literature suggesting
that telemedicine in pediatrics can achieve high diagnostic
validity when applied under well-defined conditions. That said,
most previous studies were not conducted in primary care
settings, did not address acute conditions, and primarily
examined video consultations between professionals and
patients, rather than between professionals themselves [22-24].
There is limited evidence on video consultations that incorporate
physical examinations. In pediatrics, Wagner et al [25] found
that remote physical examination using medical devices similar
to those used in this study was comparable to in-person
assessment. Their findings align with ours, showing high
diagnostic accuracy for otoscopy, oropharyngeal evaluation,
and dermatological examination, but lower accuracy for
assessing abdominal pathology.

Several studies have found that the effectiveness of video
consultations is particularly high for diagnoses that rely
primarily on medical history and visual assessment, such as
upper respiratory tract infections (eg, pharyngitis and otitis) or
dermatologic lesions [26,27]. In contrast, conditions that require
a full physical examination, such as abdominal pain, which

necessitates palpation, or headache, which may call for a
neurological evaluation, may show reduced sensitivity, as also
observed in this study [25,28].

This limitation may increase the risk of incomplete or inaccurate
diagnoses, as reflected in the 21.8% (36/165) of cases that
showed diagnostic discordance between virtual and in-person
visits. While most discrepancies were classified as
underdiagnoses or overdiagnoses, some involved mixed errors.
Several cases required referral to in-person care to complete the
physical examination and establish a reliable diagnosis,
underscoring the complexity of remote clinical assessment.
Furthermore, in some cases classified as infeasible, the online
and in-person diagnoses were consistent, and the infeasibility
was attributed to other limitations. In pediatric care, particularly
for younger children, a comprehensive physical examination is
often performed regardless of the presenting complaint. These
findings underscore the need for triage and feasibility criteria
tailored to the specific characteristics of each patient and
condition to optimize the safety and effectiveness of video
interconsultations. They also highlight the importance of
establishing clear clinical guidelines to ensure the safe,
high-quality use of video interconsultations in primary care
pediatrics.

Pediatric patients with specialty conditions, such as
rheumatologic, cardiologic, or endocrinologic disorders, were
not included, as no such cases were seen during the study period.
However, a few neurology and gynecology cases were included
in the “other” category due to their small number. It is worth
noting that telemedicine has also proven useful for the follow-up
of pediatric rheumatic diseases, particularly in rural areas and
during the COVID-19 pandemic [29].

Regarding consultation duration, a 2022 review by the Catalan
Agency for Health Quality and Evaluation reported that video
or telephone consultations are typically 1.5 to 4 minutes shorter
than in-person visits [30]. In contrast, in this study, video
interconsultations lasted nearly twice as long as in-person visits,
likely due to the inclusion of a physical examination, which
extended the consultation time. Additionally, this model
involved 2 health care professionals. While it may enhance
accessibility, it also requires greater resource allocation in terms
of time and staffing.

Regarding users’ perceptions of telemedicine, the findings of
this study indicate a high level of satisfaction, consistent with
previous research [31]. The main reasons families expressed
concerns about remote interconsultations were technical issues
related to sound, connectivity, and image quality, as well as
fears that in-person care might be replaced by virtual services.
Other reasons, such as a perceived lack of safety, were
infrequent. In any case, it is essential to provide families with
clear and transparent information so they can make informed
decisions about using this technology. Ultimately, they remain
at the center of care [32].

With regard to health care professionals’ perspectives on
telemedicine, the results indicate that professionals acknowledge
the value of pediatric video interconsultations, and most consider
them beneficial for patient health. However, differences among
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professional groups suggest that perceptions vary depending
on each participant’s clinical role and expectations.

These findings are consistent with those of Martín-Masot et al
[33], who analyzed the views of Spanish pediatricians following
the rapid digitalization of health care delivery during the
COVID-19 pandemic. In their study, most pediatricians regarded
digital consultations as time-efficient and a valuable resource,
aligning with the present results. Among nurses, the majority
reported that the quality of video consultations was equal to or
better than that of in-person visits. These results align with the
findings of Navarro-Martínez et al [34], who reported that
telenursing is positively perceived in routine clinical practice.
However, most health care professionals in this study identified
the need to improve the application of telemedicine in clinical
settings, particularly in terms of technology, organizational
processes, and bioethical considerations. This observation is
echoed in a study conducted in Catalonia by Vidal-Alaball et
al [35]. Similarly, other studies, such as that by Inoue et al [36]
in Japan, have reached the same conclusions. In this context, it
is essential to train professionals not only in the use of digital
tools, but also in what Finkelstein et al [37] refer to as “webside
manner,” a more effective approach to online clinical
communication.

Furthermore, although telemedicine can improve communication
between doctors and patients and help reduce health care costs,
it may compromise the quality of care, therapeutic effectiveness,
and patient safety if not implemented properly [38]. Therefore,
legislation and bioethical frameworks must evolve to
accommodate these emerging models of care [39].

Limitations
This study has several limitations. First, there is a potential risk
of diagnostic inaccuracy in video consultations compared with
in-person visits, especially for conditions that require a direct
physical examination, such as abdominal pain, trauma, or
headache. Technical issues affecting image or audio quality
may also hinder adequate remote assessment. Additionally,
some diagnostic subgroups were small, which reduced the
precision of accuracy estimates and widened the CIs.

Confirmation bias may have occurred because the same
pediatrician conducted both the telemedicine and in-person
evaluations. A role bias may also have occurred, as those
receiving telemedicine may have different experiences from
those delivering or observing it. If recipients represent the
majority, as in this case, overall satisfaction may primarily
reflect their perspective. Likewise, observers may have
overemphasized methodological aspects while underestimating
the actual user experience.

Another limitation is a possible social desirability bias, as the
project was conducted by the patients’ regular and trusted

pediatrician and nurse. This relationship of trust may have
influenced participants’ responses, although no intentional
intervention or influence was exerted during data collection.

Operational limitations should also be considered. Video
consultations took longer than in-person visits and required the
presence of both a pediatrician and a nurse, which may not be
feasible in all settings and could increase the workload.
Economic, organizational, and technological implications were
not evaluated in this study, and the environmental impact of
digital health equipment warrants further attention.

Finally, data were collected in a single rural primary care center,
which may limit the generalizability to other health care settings.
Despite strict data protection measures, concerns about
confidentiality and the potential for digital care to reduce the
human component of clinical interaction remain relevant
considerations.

Future Directions
Future research should focus on defining evidence-based triage
and feasibility criteria to select patients who can be safely and
effectively managed through video interconsultation. Larger
multicenter studies are needed to confirm diagnostic
performance and satisfaction outcomes across broader pediatric
populations and health care contexts. Evaluating economic,
organizational, and environmental sustainability will be essential
to inform real-world implementation. In addition, exploring
strategies to streamline the workflow, optimize technical
reliability, and maintain the human aspects of care will help
ensure successful and responsible integration into routine
pediatric practice.

Conclusions
The proposed model of synchronous video consultation between
health care professionals, including physical examination, has
proven to be a feasible option. It shows good diagnostic
agreement with in-person visits and has been positively
evaluated by both users and health care professionals.

This approach may serve as a valuable tool for managing acute
pediatric conditions in rural primary care settings in Catalonia,
provided it is implemented appropriately and maintains patient
safety and quality of care. Although it cannot replace in-person
visits, it can complement them within the ongoing reorganization
of pediatric primary care, contributing to improved accessibility,
territorial equity, and system efficiency.

The implementation of this model involves several challenges,
including longer consultation times, training requirements, the
development of standardized protocols, economic and
environmental costs, and the management of data confidentiality.
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Abstract

Background: Postpartum maternal mental health (MMH) symptoms, including depression, anxiety, and childbirth-related
post-traumatic stress disorder, are known to influence infant sleep trajectories. While previous research has examined their
individual and combined associations, the predictive utility of these MMH symptoms for the early identification of infant sleep
problems through machine learning (ML) remains understudied.

Objective: This study aimed to examine whether postpartum MMH measures can predict infant sleep outcomes during the first
year of life. The analysis focused on 2 clinically relevant sleep indicators: (1) nocturnal sleep duration and (2) night awakening
frequency.

Methods: A total of 409 mother-infant dyads were included in the study. Predictor variables comprised postpartum MMH
symptoms assessed between 3 and 12 months postpartum, along with sociodemographic characteristics of mothers and infants.
MMH symptoms were measured using 3 validated instruments: the Edinburgh Postnatal Depression Scale, the Hospital Anxiety
and Depression Scale, and the City Birth Trauma Scale. Infant sleep outcomes were assessed using the Brief Infant Sleep
Questionnaire. Six supervised ML algorithms were evaluated: logistic regression, random forest, support vector classifier, extreme
gradient boosting, Light Gradient Boosting Machine, and multilayer perceptron. Post hoc feature importance analyses were
conducted to identify the most influential predictors associated with each infant sleep outcome.

Results: All models demonstrated high predictive performance. The best model achieved a precision-recall area under the curve
of 0.92, F1-score of 0.84, and accuracy of 0.88 for predicting short nocturnal sleep duration. For frequent night awakenings, the
top precision-recall area under the curve was 0.91, with an F1-score of 0.78 and accuracy of 0.85. Key predictors included maternal
age and total scores from the Edinburgh Postnatal Depression Scale, Hospital Anxiety and Depression–Anxiety subscale, and
City Birth Trauma Scale, with individual symptom items offering additional discriminative value.

Conclusions: ML models can accurately predict which infants are at risk for suboptimal sleep based on MMH measures, enabling
personalized, responsive, and developmentally informed postpartum care that promotes long-term maternal and infant well-being.

(JMIR Pediatr Parent 2026;9:e78937)   doi:10.2196/78937

KEYWORDS

artificial intelligence; sleep; postpartum; mental health; depression; women's health.

Introduction

Infant sleep plays a foundational role in early neurodevelopment,
with significant implications for cognitive functioning,
emotional regulation, physical growth, and long-term health
outcomes [1-3]. During the first year postpartum, infant sleep
patterns are highly dynamic and marked by individual variability
in both nocturnal sleep duration and the frequency of night
awakenings. Insufficient or fragmented sleep during this critical
period has been associated with impaired memory consolidation,

behavioral dysregulation, and suboptimal emotional
development [4,5].

A growing body of research [6-12] has demonstrated that
maternal mental health (MMH) symptoms during the postpartum
period, including depression [13,14], anxiety [8,15], and
childbirth-related post-traumatic stress disorder (CB-PTSD)
[16,17], are associated with alterations in infant sleep
architecture. However, the underlying mechanisms through
which these maternal conditions influence infant sleep remain
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poorly understood [18]. Furthermore, most prior studies have
examined these symptoms in isolation or as covariates, without
evaluating their collective predictive value using integrative
modeling approaches.

In parallel, machine learning (ML) approaches offer a powerful
alternative to traditional regression techniques. Beyond simply
reproducing associations already established using regression
or structural equation models, ML offers added value by flexibly
capturing nonlinear relationships and higher-order interactions
among MMH symptoms and covariates. In this context, ML
models can benchmark a range of algorithms on predictive
performance, support individual-level risk stratification, and
highlight symptom patterns that are most informative for early
identification of infants at risk of sleep disturbance. In turn, this
can refine existing theoretical models and guide more targeted,
data-driven clinical decision support.

Recent studies have demonstrated the utility of ML in various
infant sleep and postpartum mental health applications [19].
For example, Wang et al [20] developed an automated
sleep-stage classifier using heart rate and respiratory rate data
to predict white matter development in preterm infants.
Similarly, Werth et al [21] designed a deep learning–based
system for sleep-stage classification in preterm infants using
electrocardiogram (ECG) signals. Additionally, the Sleep Well

Baby project introduced a real-time sleep-wake state prediction
algorithm based on physiological signals, facilitating improved
monitoring in neonatal intensive care units [22]. In another
study, Chang et al [23] utilized a multimodal wearable device
to collect audio, ECG, and motion data, employing
transformer-based neural networks to classify infant sleep/wake
states with high accuracy. Furthermore, Huang et al [24] applied
ML models to classify and identify infant sleep positions.
However, existing ML-based studies have mostly focused on
characterizing infant sleep problems using demographic,
behavioral, or sensor-derived features, without explicitly
leveraging MMH symptoms as primary predictors. To date, no
study has examined whether postpartum MMH symptoms can
be used, in conjunction with ML methods, to predict infant sleep
patterns during the first year of life.

The present study addresses this gap by leveraging ML methods
to predict infant sleep trajectories across the first year
postpartum based on MMH symptoms and sociodemographic
characteristics of mothers and infants. Specifically, we aimed
to evaluate the performance of six supervised ML models in
predicting two clinically relevant sleep outcomes: nocturnal
sleep duration and the frequency of night awakenings (Figure
1). In addition, feature importance analyses were conducted to
identify key MMH predictors associated with each outcome.

Figure 1. Overview of the machine learning framework used to predict infant sleep patterns based on postpartum maternal mental health indicators.

We hypothesized that postpartum MMH symptom measures,
in combination with basic maternal-infant characteristics, would
enable supervised ML models to accurately predict infant sleep
outcomes. To operationalize this hypothesis, we addressed the
following research questions: (1) Can MMH indicators and
sociodemographic characteristics accurately predict infant sleep
outcomes (ie, nocturnal sleep duration and night awakening
frequency) during the first year postpartum using ML models?

and (2) Which MMH features are most predictive of infant sleep
outcomes across the first year postpartum? By characterizing
the predictive utility of MMH symptoms and elucidating the
most influential features, this study seeks to inform early
screening and intervention strategies to optimize both MMH
and infant developmental well-being.
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Methods

Study Population and Data Sources
This study utilized a publicly available dataset [11] comprising
410 mother-infant dyads, collected via an online cross-sectional
survey conducted between June and September 2020 at a
university hospital in Switzerland. Eligible participants were
birth mothers aged 18 years or older with infants between 3 and
12 months of age at the time of data collection and with no
reported major neonatal complications.

The dataset included measures of MMH symptoms, infant sleep
outcomes, and sociodemographic characteristics of both mothers
and infants. A detailed description of the input features used in
the analysis is provided in Multimedia Appendix 1. One
mother-infant dyad was excluded due to missing information
on nocturnal sleep duration, resulting in a final sample of 409
dyads.

Data Elements

MMH Measures
MMH symptoms were assessed using 3 validated self-report
instruments: the Edinburgh Postnatal Depression Scale (EPDS),
the Hospital Anxiety and Depression Scale-Anxiety subscale
(HADS-A), and the City Birth Trauma Scale (CBTS). These
measures were selected to comprehensively capture postpartum
symptoms of depression, anxiety, and CB-PTSD, respectively.

The EPDS is a 10-item screening tool designed to detect
symptoms of postnatal depression in women [25]. It focuses on
emotional and cognitive symptoms experienced during the
preceding week, excluding somatic complaints that may overlap
with normal postpartum changes. Each item is scored on a
4-point Likert scale, and total scores ranging from 0 to 40, with
higher scores indicating greater symptom severity.

The HADS-A is the anxiety subscale of the Hospital Anxiety
and Depression Scale [26]. It consists of 7 items that assess the
frequency and severity of anxiety symptoms experienced during
the preceding week. Responses are rated on a 4-point scale,
yielding a total score ranging from 0 to 21, where higher scores
reflect more severe anxiety symptomatology.

The CBTS is a 29-item instrument [27] specifically developed
to assess CB-PTSD symptoms based on the Diagnostic and
Statistical Manual of Mental Disorders, Fifth Edition (DSM-5).
The scale is divided into 2 subscales: the birth-related symptoms
subscale, which assesses intrusion and avoidance symptoms as
well as a subset of negative mood items, and the general
symptoms subscale, which captures remaining negative
cognition and hyperarousal symptoms. The total score for the
DSM-5–based items ranges from 0 to 60, with higher scores
indicating greater severity of CB-PTSD symptoms. Together,
these 3 instruments provided a multidimensional assessment of
postpartum MMH, enabling the identification of symptom
patterns relevant to infant sleep outcomes.

Infant Sleep Measures
Infant sleep was assessed using the Brief Infant Sleep
Questionnaire (BISQ), a widely used and validated parent-report

instrument designed to evaluate sleep behavior in infants and
toddlers [28]. Mothers were asked to report on their infant’s
sleep patterns over the preceding week, including total nocturnal
sleep duration (between 7:00 PM and 7:00 AM), frequency of
night awakenings, and method of falling asleep. For the purposes
of this study, 2 primary sleep outcomes were derived and
categorized as binary variables: nocturnal sleep duration and
night awakenings, both of which serve as indicators of infant
sleep quality.

Nocturnal sleep duration was classified as either normal (coded
as 0) or insufficient (coded as 1). Infants were categorized as
having normal nocturnal sleep if their reported sleep duration
was ≥9 hours, for all infant age groups. Infants who slept for
less than 9 hours per night were classified as having insufficient
nocturnal sleep duration. This threshold aligns with prior
research and pediatric sleep guidelines that recommend a
minimum of 9 hours of nighttime sleep for infants aged 3 to 12
months [29] .

Night awakenings were categorized based on age-specific
thresholds. For infants aged 3 to 6 months, normal was defined
as ≤3 awakenings per night. For infants aged 6 to 9 and 9 to 12
months, normal was defined as ≤2 awakenings per night. Infants
exceeding these thresholds were classified as having frequent
night awakenings, consistent with existing sleep research
indicating that night waking typically decreases with age as
self-regulation improves [30].

Nocturnal sleep duration and night-awakening frequency were
modeled as separate primary outcomes because they capture
distinct dimensions of infant sleep—quantity (duration) versus
continuity (awakenings)—that may have partially different
determinants (eg, circadian scheduling/feeding patterns versus
arousal regulation) and lead to different clinical actions. Their
measurement properties also differ (duration: continuous;
awakenings: count/ordinal), warranting distinct modeling
approaches and metrics. Analyzing them separately preserves
interpretability of feature effects and supports symptom-targeted
guidance. Although the 2 domains can co-occur, our predictive
focus is outcome-specific.

Data Preprocessing
Preprocessing steps included computing total scores for the
maternal mental health instruments (EPDS, HADS-A, and
CBTS) according to their manuals and recoding response options
for consistency across instruments. For each instrument, both
the individual item responses and the derived total scores were
retained as candidate predictors, allowing the models to leverage
overall symptom burden as well as more fine-grained symptom
patterns (eg, specific anxiety, depression, or trauma-related
items). Missing values were imputed (numerical features: mean;
categorical features: mode). Numerical features were then
standardized (z score), and categorical features were one-hot
encoded to ensure consistent transformations during model
training and evaluation. This procedure yielded a clean,
model-ready feature matrix for all classifiers. Because the
study’s primary aim was to evaluate predictive performance
rather than coefficient-level inference, we did not perform
formal multicollinearity diagnostics (eg, VIF). Including both
total scores and item-level responses intentionally introduces
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some correlation among predictors; however, many of the
algorithms employed (eg, tree-based learners and regularized
linear models) are designed to handle correlated and partially
redundant features by down-weighting or shrinking less
informative variables. Potential overfitting from the expanded
feature space was further mitigated through cross-validated
hyperparameter tuning and evaluation on a held-out test set.

ML Models
Six ML algorithms were employed to predict infant sleep
outcomes based on MMH measures and demographic features.
These models were selected to represent a diverse range of linear
and nonlinear classifiers, including both ensemble and neural
network-based approaches.

• Logistic regression: A linear classification algorithm that
estimates the probability of a binary outcome based on a
weighted combination of input features.

• Random forest: An ensemble learning method that
constructs multiple decision trees during training and
outputs the class that is the mode of the predictions of the
individual trees.

• Support vector classifier: A kernel-based method that
identifies the optimal hyperplane separating classes in a
high-dimensional feature space.

• extreme gradient boosting (XGBoost): A gradient-boosted
decision tree algorithm known for its scalability and
performance. It builds an ensemble of weak learners
sequentially, optimizing residual errors from prior iterations.

• Light gradient boosting machine (LightGBM): A gradient
boosting framework that uses histogram-based learning and
leaf-wise tree growth.

• Multilayer perceptron (MLP): A feedforward artificial
neural network composed of fully connected layers. It
captures complex, nonlinear interactions among features
and is trained using backpropagation.

Each questionnaire item and each derived total score was treated
as a separate candidate predictor. Modern supervised ML
algorithms (eg, tree-based ensembles and regularized models)
are generally robust to moderately correlated predictors and can
down-weight or ignore redundant features during training, so
including both item-level and total-score features does not
compromise model learning or model behavior; instead, it allows
the algorithm to “decide” whether predictive signal is better
captured at the composite-score or item level.

Models Training and Evaluation Strategy
Both outcome variables exhibited class imbalance. For nocturnal
sleep duration, 359/409 infants (87.8%) were classified as
normal (class 0) and 50/409 (12.2%) as insufficient (class 1).
For night awakenings, 346/409 infants (84.6%) were classified
as normal (class 0) and 63/409 (15.4%) as elevated (class 1).
To address this, we applied 2 strategies. First, we evaluated
each model using 4 sampling methods: no sampling, random
upsampling, random downsampling, and synthetic minority
oversampling technique (SMOTE). This allowed us to assess
the impact of different data distributions on model performance.
Second, we used evaluation metrics suited for imbalanced data.
In addition to accuracy, we computed the precision-recall area

under the curve (PR-AUC), which focuses on the minority class
and is not influenced by the number of true negatives. We also
reported the F1-score, the harmonic mean of precision and recall,
which balances false positives and false negatives. Together,
these strategies ensured reliable evaluation of model
performance in the context of class imbalance.

All analyses were conducted at the level of the mother-infant
dyad. The dataset (N=409 dyads) was randomly split into
training (327/409, 80%) and test (82/409, 20%) sets, using
stratified sampling to preserve the proportion of infants with
nocturnal sleep disturbance and frequent night awakenings in
both partitions. All model development (including
hyperparameter tuning and internal validation) was performed
exclusively on the training set. All analyses were implemented
in Python and performed on a high-performance computing
node equipped with an NVIDIA A100 GPU (80 GB memory).

To quantify the variability and robustness of model performance,
we additionally performed stratified 5-fold cross-validation
within the training set for each model-sampling combination.
For every fold, we computed PR-AUC, accuracy, and F1-score
and summarized their distribution across folds. Final
performance for each model was then evaluated on the held-out
test set.

Models Explainability
To characterize which MMH and covariate features contributed
most to predictions, we first computed model-based feature
importance for the best-performing model for each outcome (as
determined by PR-AUC on the held-out test set), using the
model’s native importance measure. To further enhance
interpretability, we then performed a post hoc explainability
analysis using Shapley additive explanations (SHAP). For each
outcome, we computed SHAP values for all input features.
SHAP values quantify the marginal contribution of each feature
to the predicted probability of the positive (sleep disturbance)
class for individual mother-infant dyads. We summarized global
importance by the mean absolute SHAP value across participants
and visualized the distribution of feature effects using SHAP
summary (beeswarm) plots, as complementary views to the
main feature-importance analyses.

Ethical Considerations
This study did not involve the collection or generation of
original human subject data. Instead, it utilized publicly
available, deidentified data from a licensed source. As such,
institutional review board approval and informed consent were
not required.

Results

Participant Characteristics
A total of 409 mother-infant dyads were included. Participant
characteristics and summary measures are shown in Table 1.
The mean maternal age was 30.20 (SD 4.36) years. Nearly half
held a university degree (192/409, 46.9%); 388 out of 409
(94.9%) were in a couple relationship. Overall, 51.6% (211/409)
of the infants were female and 48.4% (198/409) were male. The
mean gestational age at birth was 39.11 (SD 1.90) weeks. At
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assessment, infants were distributed as follows: 147/409 (35.9%)
were aged 3 to <6 months, 133/409 (32.5%) aged 6 to <9
months, and 129/409 (31.5%) aged 9 to <12 months. MMH

means were 9.06 (SD 6.76) on the EPDS, 7.85 (SD 4.26) on
the HADS-A, and 13.15 (SD 10.81) on the CBTS.

Table . Sample characteristics and key measures (N=409).

ValueDomain and variable

Maternal

30.20 (4.36)    Age (y), mean (SD)

    Education, n (%)

192 (46.9)        University degree

88 (21.5)        Applied Science/Tech diploma

103 (25.2)        Postsecondary/apprenticeship

24 (5.9)        Completed compulsory school

2 (0.5)        No formal education

    Marital status, n (%)

388 (94.9)        Couple relationship

14 (3.4)        Single

7 (1.7)        Separated/divorced/widowed

    Pregnancy/birth

39.11 (1.90)        Gestational age at birth (wk), mean (SD)

Infant

    Sex, n (%)

211 (51.6)        Female

198 (48.4)        Male

    Age group, n (%)

147 (35.9)        3 to <6 mo

133 (32.5)        6 to <9 mo

129 (31.5)        9 to <12 mo

    Maternal mental health, mean (SD)

9.06 (6.76)        EPDSa total

7.85 (4.26)        HADS-Ab total

13.15 (10.81)        CBTSc total

aEPDS: Edinburgh Postnatal Depression Scale.
bHADS-A: Hospital Anxiety and Depression Scale-Anxiety Subscale.
cCBTS: City Birth Trauma Scale.

Prediction of Nocturnal Sleep Duration

Models Performance
Figure 2 presents PR-AUC values for each model across 4
sampling strategies. All configurations achieved PR-AUC values
above 0.88, with XGBoost with SMOTE highest (0.931),
followed by logistic regression with SMOTE (0.924). Accuracy

(Figure 3) showed greater variability, with XGBoost without
sampling highest (0.886), followed by random forest without
sampling or with upsampling (0.878). F1-scores (Figure 4)
mirrored these trends: XGBoost without sampling achieved the
highest F1 (0.840), followed by random forest (0.821) and
support vector classifier/MLP (0.820) with either no sampling
or SMOTE.
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Figure 2. Comparison of the precision-recall area under the curve (PR-AUC) across models and sampling methods for outcome nocturnal sleep duration.
PR-AUC quantifies how well a model can distinguish positive cases (infants with insufficient nocturnal sleep duration) from negative ones across
various thresholds, especially under class imbalance conditions. LightGBM: light gradient boosting machine; MLP: multilayer perceptron; SMOTE:
synthetic minority oversampling technique; SVC: support vector classifier; XGBoost: extreme gradient boosting.

Figure 3. Comparison of accuracy across models and sampling methods for outcome nocturnal sleep duration. Accuracy represents the overall proportion
of correct predictions, combining both positive and negative cases, and provides a broad measure of model correctness. LightGBM: light gradient
boosting machine; MLP: multilayer perceptron; SMOTE: synthetic minority oversampling technique; SVC: support vector classifier; XGBoost: extreme
gradient boosting.
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Figure 4. Comparison of F1-score across models and sampling methods for outcome nocturnal sleep duration. The F1-score balances precision and
recall, making it a valuable metric for assessing model performance in the context of imbalanced datasets. LightGBM: light gradient boosting machine;
MLP: multilayer perceptron; SMOTE: synthetic minority oversampling technique; SVC: support vector classifier; XGBoost: extreme gradient boosting.

Feature Importance Analysis
Figure 5 shows the most influential predictors of short nocturnal
sleep duration: maternal age and total scores on the EPDS,
HADS-A, and CBTS. Individual items also contributed
meaningfully, particularly EPDS Item 2 (I have looked forward
with enjoyment to things) and CBTS Item 15 (Feeling detached

from others). To further probe how individual feature values
contributed to predictions for the best-performing model, we
examined SHAP summary plots for the nocturnal sleep outcome
(Multimedia Appendix 1). These global SHAP patterns were
broadly consistent with the main feature-importance rankings
and illustrate how higher maternal symptom scores tend to shift
predictions toward increased risk of nocturnal sleep disturbance.
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Figure 5. Feature importance analysis for outcome nocturnal sleep duration. EPDS: Edinburgh Postnatal Depression Scale; HADS: Hospital Anxiety
and Depression Scale; CBTS: City Birth Trauma Scale.

Prediction of Frequent Night Awakenings

Models Performance
Figure 6 reports PR-AUC for predicting night awakenings
frequency across models and sampling strategies. All models
performed well, typically exceeding 0.83, with logistic
regression highest (0.91) and MLP close behind (0.89). Figure

7 shows accuracy, with random forest without sampling highest
(0.85) and MLP and XGBoost without sampling at 0.81;
downsampling reduced accuracy for all models. F1-scores
(Figure 8) mirrored accuracy, with MLP and XGBoost without
sampling at 0.76 and random forest with SMOTE at 0.78.
Models trained on downsampled data had the lowest F1-scores,
underscoring the performance cost of sample reduction despite
improved class balance.
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Figure 6. Comparison of the precision-recall area under the curve (PR-AUC) across models and sampling methods for outcome night awakenings
frequency. LightGBM: light gradient boosting machine; MLP: multilayer perceptron; SMOTE: synthetic minority oversampling technique; SVC: support
vector classifier; XGBoost: extreme gradient boosting.

Figure 7. Comparison of accuracy across models and sampling methods for outcome night awakenings frequency. LightGBM: light gradient boosting
machine; MLP: multilayer perceptron; SMOTE: synthetic minority oversampling technique; SVC: support vector classifier; XGBoost: extreme gradient
boosting.
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Figure 8. Comparison of F1-score across models and sampling methods for outcome night awakenings frequency. LightGBM: light gradient boosting
machine; MLP: multilayer perceptron; SMOTE: synthetic minority oversampling technique; SVC: support vector classifier; XGBoost: extreme gradient
boosting.

Feature Importance Analysis
Feature importance analysis identified the most influential
predictors of elevated night awakening frequency (Figure 9).
As with nocturnal sleep duration, maternal age and total EPDS,
HADS-A, and CBTS scores were top predictors. Individual
items also contributed, notably HADS-A Item 11 (I feel restless

and cannot seem to stay still) and CBTS Item 21 (Having
difficulty concentrating). Infant age also emerged as a relevant
predictor. An analogous SHAP summary plot for night
awakenings (Multimedia Appendices 1-3) confirms the
prominence of MMH features and illustrates how variations in
these scores and sociodemographic factors shift individual
predictions toward higher or lower night-awakening risk.
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Figure 9. Feature importance analysis for outcome night awakenings frequency. EPDS: Edinburgh Postnatal Depression Scale; HADS: Hospital Anxiety
and Depression Scale.

Discussion

Key Findings
This study evaluated the utility of postpartum MMH measures
in predicting infant sleep patterns using an ML approach.
Notably, supervised ML models trained on standardized
psychological screening instruments (EPDS, HADS-A, and
CBTS), combined with basic demographic and maternal
variables, demonstrated high predictive accuracy for both
outcomes: insufficient nocturnal sleep duration and frequent
night awakenings. These findings indicate the feasibility of
using MMH symptoms to identify infants at risk for suboptimal
sleep patterns. It also confirms the feasibility of integrating ML
tools into postpartum care pathways to facilitate early risk
identification.

Predictors of Infant Sleep Patterns
Maternal age emerged as a top predictor for both outcomes,
potentially reflecting links with parenting experience,
physiological resilience, and contextual factors such as social
support and caregiving efficacy. Prior work associating younger
age with higher postpartum depression and poorer infant sleep
[7,31] is consistent with its predictive strength in our models.

Total scores from the EPDS, HADS-A, and CBTS were among
the most influential features in both models. Higher total EPDS

scores indicate more severe postpartum depressive symptoms,
which can impact maternal responsiveness and infant sleep
regulation. Elevated anxiety levels (HADS-A) in mothers may
lead to increased nighttime interactions, potentially disrupting
infant sleep. Additionally, higher CBTS scores reflect greater
CB-PTSD symptoms, which can affect maternal-infant bonding
and sleep routines. These aggregate scores likely reflect the
cumulative burden of postpartum psychological distress, which
has been linked in prior research to disruptions in maternal
caregiving behavior, nighttime responsiveness, and the
emotional climate surrounding infant sleep routines [13,32,33].

Beyond aggregate symptom scores, several individual
questionnaire items provided fine-grained insights. For example,
EPDS Item 2 (“I have looked forward with enjoyment to
things”)—a measure of anhedonia—was highly predictive of
short nocturnal sleep duration. Lower scores on this item suggest
anhedonia, a core symptom of depression, which may influence
maternal engagement in establishing infant sleep routines.
Similarly, CBTS Item 15 (“I felt distant or cut off from other
people”) was ranked highly predictive of short nocturnal sleep
duration, suggesting that maternal emotional withdrawal and
social detachment, characteristic of childbirth-related trauma,
may negatively impact the ability to establish secure and
consistent nighttime routines.
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In the models predicting frequent night awakenings, several
additional features emerged as specific to this outcome. These
included HADS-A Item 11 (“I feel restless and can’t seem to
sit still”) and CBTS Item 21 (“I had difficulty concentrating”),
both of which reflect maternal hyperarousal and cognitive
dysregulation. These symptoms may manifest in heightened
maternal vigilance or difficulty in promoting infant
self-soothing, thereby contributing to fragmented infant sleep.
Infant age also appeared as a differentiating predictor for this
outcome, likely reflecting developmental maturation of sleep
consolidation and age-dependent thresholds used in classifying
night awakening frequency.

Research and Clinical Implications
From a research perspective, this study illustrates the value of
combining symptom-level data with advanced modeling
approaches to move beyond correlational frameworks and
toward predictive analytics in maternal–infant health. The
identification of both composite scores and individual symptom
items as key predictors offers a granular understanding of how
distinct psychological dimensions—such as anhedonia,
emotional detachment, and hyperarousal—may differentially
impact infant sleep regulation. These findings advocate for
future investigations that examine not only the additive burden
of MMH symptoms, but also the specific affective and cognitive
pathways through which maternal distress shapes caregiving
practices and infant behavioral development. Because MMH
and infant sleep outcomes were assessed at the same time point,
our models characterize concurrent statistical associations rather
than temporal or causal effects. In this context, we use the term
“prediction” to denote out-of-sample statistical prediction within
the cross-sectional dataset, not longitudinal forecasting. The
original analysis of this dataset by Sandoz et al [12] examined
the cross-sectional associations between MMH symptom profiles
and infant sleep outcomes using traditional statistical methods.
In contrast, the present study focuses exclusively on evaluating
the predictive performance of supervised ML models that use
these MMH measures to classify infant sleep outcomes.
Longitudinal studies are particularly needed to clarify the
temporal sequence between MMH symptom fluctuations and
changes in infant sleep architecture. Moreover, item-level
granularity opens avenues for psychometric refinement of
postpartum screening instruments, enabling the development
of targeted subscales that better predict specific infant outcomes.

Integrating wearable technologies (eg, smartwatches, sleep
trackers, biosensors) could passively capture continuous
physiological and behavioral data from mothers and infants,
reducing reliance on retrospective self-report. When combined
with symptom-level psychological data, these rich data streams
may improve ML predictive accuracy, enable earlier detection
of risk patterns, and support more responsive, personalized
interventions.

From a clinical perspective, our findings are best viewed as
proof of concept for generating individualized risk scores rather
than as a ready-to-deploy screening tool. In practice, such risk
scores could be integrated into routine postpartum or well-baby
contacts to flag mother-infant dyads who may benefit from
closer follow-up (eg, additional monitoring visits or phone

check-ins), brief psychoeducation on infant sleep and maternal
self-care, targeted support around bedtime routines and soothing
strategies, or referral to perinatal mental health services for more
structured interventions (such as brief CBT-based programs,
parenting support groups, or trauma-focused care where
indicated). The exact decision thresholds would need to be
codesigned with clinicians and policymakers, balancing
sensitivity (minimizing missed high-risk dyads) against
specificity and available resources. Our analyses therefore focus
on overall discrimination metrics (eg, PR-AUC, F1) rather than
on a single “optimal” cut-off; future work should calibrate and
validate context-specific thresholds and decision rules in
real-world postpartum care pathways. In addition, findings from
this study may inform the design of preventive intervention
trials. For instance, trials could test whether tailoring
interventions to specific symptom clusters (eg,
anhedonia-focused therapies for mothers at risk of short infant
sleep duration) yields superior outcomes. Finally, these results
highlight the importance of interdisciplinary
collaboration—integrating mental health, pediatrics, and data
science—to advance personalized, responsive, and
developmentally informed postpartum care that promotes
long-term maternal and infant well-being.

Limitations and Future Directions
Several limitations should be carefully considered when
interpreting the findings of this study.

First, the data relied entirely on maternal self-report
questionnaires, which introduces potential response and recall
biases. Mothers experiencing psychological distress may
perceive or report their infant’s sleep differently, potentially
inflating associations between MMH symptoms and infant sleep
disturbances due to shared method variance. Furthermore, infant
sleep during the first year is influenced by a complex interplay
of biological, environmental, and caregiving factors. The
exclusive focus on MMH, without integrating other relevant
variables such as infant temperament, feeding methods, family
routines, or the home sleep environment, limits the
comprehensiveness of the predictive models. Future studies
should incorporate multimodal, multi-informant data sources,
including reports from partners or caregivers and objective sleep
measures such as actigraphy or polysomnography, alongside
contextual and behavioral variables to more accurately capture
the multifactorial nature of infant sleep regulation.

Second, the analysis was limited to 409 mother-infant dyads,
all recruited from a single university hospital in Switzerland.
This relatively modest sample size and geographically restricted
setting may limit the generalizability of the findings to broader,
more diverse populations. Sociocultural factors, health care
systems, parental practices, and support structures can vary
significantly across regions and may influence both MMH and
infant sleep patterns. Future studies should validate these
predictive models using larger, more heterogeneous samples
across multiple countries and health care settings to ensure
greater external validity and applicability of the results.

Third, the cross-sectional design limits causal inference.
Although we examine associations between MMH symptoms
and infant sleep, we cannot determine directionality or
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temporality. MMH may influence infant sleep, but the reverse
is also plausible, with persistent sleep disturbances worsening
maternal distress. Longitudinal studies are needed to disentangle
these bidirectional effects and to capture trajectories of MMH
and infant sleep over time.

Conclusions
This study demonstrates the feasibility and utility of applying
supervised ML models to postpartum MMH symptom measures,
together with basic maternal–infant characteristics, to predict
infant sleep outcomes—specifically nocturnal sleep duration

and night awakening frequency—during the first year of life.
The combination of high-performing models and consistent
variable importance patterns suggests that both maternal
psychological well-being (eg, depressive, anxiety, and CB-PTSD
symptoms) and non–mental-health factors such as maternal and
infant age are associated with infant sleep patterns in this
sample. By integrating scalable mental health screening tools
with predictive analytics, this approach holds promise for early
identification of at-risk dyads and for informing targeted,
preventive interventions that support both maternal and infant
health outcomes.
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Abstract

Background: After hospital discharge, parents of preterm infants need accessible and reliable information to gain confidence
and skills in their child-caring abilities and parental autonomy. Parental need for information after hospital discharge includes
topics related to prematurity, such as crying, feeding, sleeping, infant care, general health, and neuromotor development. However,
parents report difficulty in finding and understanding this information. Mobile apps have the potential to improve information
provision.

Objective: The aim of this systematic app review was to (1) identify mobile apps for parents of preterm infants targeting the
period after hospital discharge and (2) evaluate the content, quality of the app, and understandability and actionability of the
information material.

Methods: We systematically searched for apps in the Apple App Store, Google Play Store, and Google, along with a literature
search using PubMed. Multiple keywords were used (eg, “preterm baby,” “app,” and “home”). Apps were included when they
provided information for parents on topics and content related to prematurity after hospital discharge. To examine app content
related to the postdischarge period, apps were reviewed, and topics were identified. The Mobile App Rating Scale (MARS) was
used to measure the app’s quality, and the Patient Education Materials Assessment Tool for Audiovisual Materials (PEMAT-AV)
was used to measure the understandability and actionability of the information material.

Results: After the initial search, the titles and descriptions of 196 apps were screened for eligibility. Eventually, 9 English apps
were included in the review. Information related to the postdischarge period constituted only a small part of the app’s content.
Most commonly addressed topics related to the period at home were vaccinations, follow-up, feeding, and using home oxygen.
Using the MARS, only one of the 9 apps received a good score for overall quality (“MyPreemie app”; Graham’s Foundation),
and 7 apps received an acceptable score. Only 4 apps scored high on understandability of the PEMAT-AV, and 6 apps scored
high on actionability. No Dutch apps were identified.

Conclusions: The current availability of mobile information apps for parents of preterm infants targeting the period after hospital
discharge is limited. A total of 9 English apps were identified, which contained a small portion related to the postdischarge period.
This content is not comprehensive for the postdischarge period: topics indicated as relevant by parents, such as crying in preterm
infants, diaper change in preterm, or parental well-being after preterm birth, are often missing. The overall quality of the apps is
only acceptable. Although the reliability of the information was close to good, the understandability of the apps was moderate.
Recommendations for future app development include more relevant and understandable information related to the postdischarge
period, which meets the demand of parents of preterm infants.

(JMIR Pediatr Parent 2026;9:e67085)   doi:10.2196/67085
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Introduction

Yearly, 13.4 million babies are born preterm (PT; <37 weeks
of gestation), of which 2 million infants are born very preterm
(VPT; <32 weeks of gestation) [1]. VPT infants are frequently
discharged from the hospital before their term date [2], and
parents often feel inadequately prepared to take their vulnerable
infant home [3]. Without the continuous professional support
of the neonatal intensive care unit (NICU), parents lack
confidence or competence in infant caregiving. Parents report
practical, emotional, and financial challenges at home and the
need for practical support regarding baby caregiving tasks,
feeding, medication, or managing unexpected health issues [4].
The uncertainty about the health, growth, and neuromotor
development of their VPT infant can heighten parental anxiety
and negatively affect parents’ caregiving behavior [5]. Parental
confidence and competence in caring for their VPT infant can
be increased by professional support and tailored information,
and is thus an important approach to improve parental and infant
outcomes [6,7]. Caring for a VPT infant after hospital discharge
can be more demanding for parents than caring for a typically
developing infant. VPT infants show different behaviors, such
as reduced activity, alertness, and responsiveness, that require
specific parenting skills to interpret their baby’s cues [4]. Parents
therefore require information on common topics specifically
targeting prematurity, such as crying (how to comfort a preterm
infant), feeding (how and when to transition to solid foods),
sleeping (recognize pattern of sleep and fatigue in their baby),
infant regulation (help their baby to regulate), infant care (diaper
change in a very small infant), general health (when to contact
a pediatrician), and neuromotor development (differences in
milestones between term and preterm infants) [5,8]. This
information, specific to premature infants, is, however, not
available on the internet [6]. Parents appreciate that general
parenting websites provide accessible information on newborn
topics such as feeding and digestion, but the content is perceived
as less appropriate for parents with a VPT infant [6]. Therefore,
practical and tailored information is necessary to increase
knowledge and skills to support parents to feel confident in
taking care of their preterm baby at home. To accommodate
their underlying emotional needs, parents prefer information
that is strength-based and confirming or reassuring in their
caregiving [8].

Almost all parents in the NICU use their smartphones to search
for information regarding prematurity on the internet [9]. For
instance, in the Netherlands, information is provided by the
Dutch parent organization (Care4neo) [10]. Facilitated by the
ease of use, the 24/7 availability, and the ability to make
information attractive, mobile health (mHealth) apps are
promising tools to provide health information [11]. In general,
parental knowledge about infant development is associated with
better caregiving behavior and improved infant development
[12]. Mobile apps have the potential to improve parental
well-being and parenting in the perinatal period [13]. mHealth

apps vary in quality, but many are of moderate quality or out
of date [11,14]. A previous review on information apps targeting
parents with an infant who was still admitted to the NICU
showed that only a quarter of the apps for parents were
considered of good quality [15]. For optimal support, parental
needs for information should be incorporated in the content of
the app [16]. Parents have ongoing information needs, but what
they want to know changes over time [8]. After discharge home,
when hospital staff support is lacking, parents need different
information to feel competent in their caregiving than during
their initial hospital stay.

For health care professionals and parents, it is important to be
able to use high-quality apps, include engagement, functionality,
aesthetics, and information quality. Therefore, the information
content of mHealth applications needs to be understandable for
all parents, irrespective of health literacy levels. Since preterm
birth has been consistently associated with lower socioeconomic
status [17], low health literacy is also a prevalent issue in parents
of VPT infants. Health literacy refers to the skills needed to
function effectively in the health care environment [18], and
low health literacy is associated with poorer use of health care
services and poorer health outcomes [18]. Parents with lower
health literacy may encounter difficulties in obtaining,
processing, using, and interpreting information in mHealth
applications [19]. To benefit from mHealth, parents require
digital health literacy skills, such as using digital devices,
searching for and understanding information, and evaluating
the validity of the information [20]. However, to date, little is
known about the quality, understandability, and actionability
of available mHealth apps designed to support parents of VPT
infants after hospital discharge. Therefore, the aim of this app
review was (1) to identify mobile information apps for parents
of preterm infants targeting the period after hospital discharge
and (2) to evaluate the content, quality of the app, and
understandability and actionability of the information material.

Methods

Study Design
This systematic review of mobile apps followed systematic
review methodology adhering to PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) standards
[21] (Multimedia Appendix 1) and published conduct and
reporting recommendations for systematic app store reviews
[22].

Search Strategy
To ensure the identification of relevant mobile apps, a
comprehensive search was conducted, using 4 different
strategies. Apps were directly searched in (1) Apple App Store
for iOS and (2) Google Play Store for Android. In addition,
mobile apps were also searched via (3) Google and (4) PubMed.
The search in the app stores and Google was performed in
December 2023. The search in PubMed was performed in May
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2022. In the first 3 search strategies, keywords were used both
in Dutch and in English.

The different search machines implied different search
strategies. In the app stores, separate key terms (in Dutch and
English) were used in the search field: “preterm baby,”
“preemie,” “premature,” “NICU,” and “discharge.”

For the Google internet search, the term “app” was always used
and combined with terms “preterm baby,” “preemie,”
“prematurity,” NICU,” “Neonatology,” and “incubator.”

The PubMed search combined terms “parent,” “mother,”
“father,” or “caregiver” AND “premature birth,” “premature
infant,” “preterm,” “prematurity” AND “mobile application*,”
“smartphone application*,” “health app*,” “mobile app*.” No
MeSH (Medical Subject Headings) terms were used for the
PubMed search. The aim of the Google internet and PubMed
search was to identify more apps that were subsequently
retrieved from one of the App Stores.

The search in the Apple App Store and PubMed provided a
certain number of apps and papers. These were all reviewed for

eligibility. In the Google Play Store, the search yielded a
continuous stream of apps, many of which were not relevant to
our inclusion criteria. Therefore, we limited the screening to
the first 50 apps that were displayed in the search results. These
are typically ordered by relevance and popularity and align with
how parents would conduct such a search. In the Google web
search, the first 2 pages of results were reviewed to evaluate
whether an app for parents of preterm infants was described.
The search ended when 2 pages did not contain new hits.
Limiting search results is a common practice in app and website
reviews, as later results are less likely to be accessed by parents,
often align less with the search criteria, and parents are unlikely
to continue their search beyond a certain point [11,15,23].

App Selection
Several inclusion and exclusion criteria were used to select the
mobile apps (Table 1). The free-of-charge criterion was used
because we wanted to ensure that apps were available to all
parents regardless of their socioeconomic status, income, or
willingness to pay for a mobile app.

Table 1. Inclusion and exclusion criteria for app selection.

Exclusion criteriaInclusion criteriaCondition

Typical developing infantsVPTa infantsTopic

Only during hospital stayPeriod after hospital dischargeTiming of information

Other languages than English or DutchEnglish or DutchLanguage

Access code requiredNo access codeAccess

Not directed to parentsDirected to parentsInformation in the app

App not available for downloadApp available for downloadDownload

Paid appApp is free of chargeCharge

aVPT: very preterm.

After removing duplicates between the two app stores, the
Google and PubMed search, the app descriptions and features
were first screened in the Apple App Store or Google Play Store
by one researcher (RG) and discussed within the research team
for eligibility. Apps that fulfilled the inclusion criteria were
then downloaded. Two reviewers (RG and MJ-V) screened the
apps for inclusion in the full app review and discussed the
eligibility within the research team.

Data Extraction and Quality Assessment
For each app, the following data was collected: name of the
app, operating system, developer and its affiliation, language,
target population, year of last update, and a brief description of
the app. To evaluate the postdischarge hospital content, a list
of topics per app was created. To evaluate the quality of the
apps and the understandability and actionability of the
information material, two independent reviewers (MJ-V and
RG) trained themselves to use the Mobile Application Rating
Scale (MARS) [24] and the Patient Education Materials
Assessment Tool for Audiovisual Materials (PEMAT-A/V)
[25]. Thereafter, all included apps were independently evaluated
by the two reviewers, and disagreements were resolved until
consensus was reached. When no consensus was reached, the

research team was involved. For each instrument, a structured
data retrieval form was composed, using a spreadsheet in
Microsoft Excel.

MARS
The MARS is a tool for assessing the quality of mobile health
apps. The MARS consists of 4 objective scales: “engagement”
(5 items: fun, interesting, customizable, interactive, and
well-targeted to audience), “functionality” (4 items: app
functioning, easy to learn, navigation, and gestural design),
“aesthetics” (3 items: layout, graphics, and visual appeal), and
“information quality” (7 items: accuracy of app description,
measurable and achievable goals, quality of information,
quantity of information, visual information, credibility, and
evidence-based). Each item is rated on a 5-point rating scale,
ranging from 1 “inadequate” to 5 “excellent.” Each item has
specific descriptions for these rating anchors. Some items have
the option “not applicable”. In addition, there is one scale for
“subjective quality” (4 items: recommendation of the app,
estimated frequency of use, willingness to pay, and overall star
rating of the app). The first 3 items are rated on a 5-point scale,
and the last item on a 3-point scale. The overall mean score for
the 4 objective subscales is calculated, excluding the items rated
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as not applicable. The MARS has a high internal consistency
(α=.90) and high interrater reliability (intraclass correlation
coefficient [ICC]=0.79) [24]. For this study, we used the Dutch
version of the MARS [25].

PEMAT-A/V
The PEMAT-A/V is an instrument that assesses the
understandability and actionability of audiovisual patient
education materials [26]. The PEMAT-A/V consists of 2 scales:
understandability (13 items) and actionability (4 items).
Understandability is defined as the ability of people from diverse
backgrounds with varying levels of health literacy to
comprehend educational material and extract key messages.
Actionability is defined as the ability of learners to identify
what actions can be taken on the basis of educational material
information. Understandability includes 19 items evaluating
the content, word choice and style, number usage, organization,
layout and design, and use of visual aids. Actionability contains
four items and evaluates whether the material (1) identifies an
action the user can take, (2) the user is directly addressed, (3)
breaks down an action into manageable steps, and (4) explains
how to use the charts, graphs, tables, or diagrams to take action.
Items are rated with “disagree” (0 points) or “agree” (1 point).
Some items have the additional option “not applicable.” The
PEMAT-A/V is designed to be completed by professionals and
helps them select education material that is understandable and
actionable. The PEMAT-A/V items are based on other
instruments and concepts for developing educational material
and are reliable for raters not trained in the use of the
PEMAT-A/V. The researchers read the information in the apps
and considered each item from a parental perspective,
specifically a parent with low health literacy skills. The
researchers did have experience with developing information
for people with low health literacy skills. The scores for the two
scales are calculated as a percentage, ranging from 0-100. A
higher score reflects more understandability or actionability.
An expert panel established the face and content validity.
Interrater reliability was moderate according to Cohen κ (0.50),
but with a high absolute agreement of 80% and high agreement
when calculated by Gwet agreement coefficient 1 (0.71). Internal
consistency was strong (Cronbach α=0.76), and the average
item-total correlation=0.62. Construct validation was established
based on differences in actionable and poorly actionable
material, as well as a strong negative correlation between grade
level and both consumer-testing results and PEMAT-A/V scores
[26].

Data Analysis
Data analysis was performed using IBM Statistical Package for
Social Sciences software (IBM SPSS; version 26). The MARS
item scores were averaged for the engagement, functionality,
aesthetics, and information subscales. These scores for app
quality were then averaged, creating a mean (SD) app quality
score. Descriptive statistics were used to summarize the results
of the MARS and the PEMAT-A/V. To evaluate consistency
between raters, the ICC between the raters was calculated for
the MARS and the PEMAT-A/V. Rater agreement was
examined by ICC based on a 2-way mixed-effects model. An
ICC of <0.50 is considered poor, 0.51-0.75 as moderate,
0.76-0.89 as good, and >0.90 as excellent.

Results

Search Results
The search yielded 191 apps in the Apple and Google Play
stores, and additionally 36 apps in Google and PubMed. After
removing duplicates, 185 apps remained (Figure 1). Based on
the title and description in the app stores, 169 apps were
excluded. The majority of the excluded apps did not contain
information on preterm-born infants (n=99; 58%), did not target
parents but health care professionals (n=29; 17%), or did not
contain information, but for instance only growth diaries (n=6;
4%). Only one app was excluded because it was a paid app. A
total of 12 apps (6%) that were identified via Google or PubMed
could not be retrieved anymore in the app stores. The remaining
16 apps were downloaded and screened for inclusion in the full
app review. One app was not available for downloading. Finally,
9 apps fulfilled the inclusion criteria and were included in the
final analysis. The majority of the apps were available in both
app stores (n=5), 3 apps were only available in the Apple App
Store, and 1 app was only available in the Google Play Store.
In addition, 2 apps were also described in a scientific paper.
One paper describes the content of the MyPreemie app, based
on an earlier book, Preemies: the Essential Guide for Parents
of Premature Babies, supplemented with new tools [27]. The
co-design approach of the Preterm Connect app has been
described across 3 settings with different social, economic, and
cultural participants [28]. The preliminary findings show similar
parental needs, but different preferences across the study
populations.

JMIR Pediatr Parent 2026 | vol. 9 | e67085 | p.87https://pediatrics.jmir.org/2026/1/e67085
(page number not for citation purposes)

Jeukens-Visser et alJMIR PEDIATRICS AND PARENTING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of search for apps for parents of preterm
infants after hospital discharge.

Characteristics of the Apps
The apps were developed in the United States of America (n=4;
A2, A4, A7, and A9), the United Kingdom (n=2; A3 and A5),
Australia (n=1; A6) and New Zealand (n=1; A1), and South
Africa (n=1; A8; Table 2). All 9 apps were in English; no Dutch
apps fulfilled the inclusion criteria. One app (A2) had
information in 25 languages, and another app (A4) was also
available in Spanish. The apps were developed by reputable

sources, including hospitals (n=4; A1, A3, A6, and A7),
nongovernmental organizations (n=3; A2, A4, and A5), and
universities (n=2; A8 and A9). The last update of the app varied
between 3 weeks and 3 years, with the majority of the apps
updated more than a year ago. The size of the apps varied
between 7.2 and 102.2 MB. In addition, 3 apps were downloaded
more than 1000 times (A1, A2, and A4) and received positive
ratings ranging from 4.0 to 4.9 on a scale from 0-5.
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Table 2. General characteristics of the apps for parents of preterm infants after hospital discharge.

Down-
loads

RatingSize
(Mb)

Lan-
guages

Brief descrip-
tion

Affilia-
tion

DeveloperTarget popu-
lation

Last up-
date

Ver-
sion

Coun-
try

Operating
system

NameID

1000+4.9

(n=10)b;

N/Ac,e

7.2EnglishA reliable
source of in-
formation
about the
NICU.

HospitalNeonatal
unit at Mid-
central
Health

Parent with a
baby in the

NICUa.

20212.7.1New
Zealand

Apple
iOS; An-
droid

Babble
NZ
Neonatal
Family
App

A1

10,000+4.8

(n=26)b;

N/Ae

10.725 lan-
guages

48 videos in
30 lan-
guages.

NGOdGlobal
Health Me-
dia Project

Mothers of
newborn ba-
bies.

20221.16The
United
States

Apple
iOS; An-
droid

Birth &
Beyond

A2

N/AN/Ae29.2EnglishThe app of-
fers up-to-

HospitalImperial
College

Parents in
the NICU.

20231.1.11The
United
King-
dom

Apple
iOS

Family
Delivered
Neonatal
Care
(IFDC)

A3

date and
comprehen-
sive educa-
tional materi-

healthcare
NHS trust

al, a develop-
mental time-
line, and di-
ary functions
to document
the neonatal
journey.

10,000+4.0

(n=182)b;

35.4English;
Spanish

Toolkit for
the practical
and emotion-

NGOGraham’s
Foundation

Families of
premature
babies.

20202.3.1The
United
States

Apple
iOS; An-
droid

MyPre-
emie app

A4

5

(n=1)eal needs of
families of
premature
babies.

N/AN/Ae50.9EnglishTrack and
monitor the

NGOTommy’sParents of a
premature
baby.

20231.8.1The
United
King-
dom

Apple
iOS

My Prem
Baby

A5

journey with
your prema-
ture baby.

N/AN/Ab;

N/Ae

102.2EnglishTools while
the baby is
in the hospi-

HospitalSouth
Western
Sydney Lo-

Parents of a
baby in the
NICU, the

2021N/AAus-
tralia

Apple
iOS; An-
droid

Neonatal
Care and
Me

A6

tal and be-cal Health
District

special care
nursery of
pediatrics.

yond, and
while being
guided by a
health profes-
sional.

N/AN/Ae8.2EnglishIdentify
what fami-

HospitalPhoenix
Children’s
Hospital

Families of
children in
the NICU.

20202.1The
United
States

Apple
iOS

Our Jour-
ney in the
NICU

A7

lies need to
know before
taking their
child home
from the hos-
pital.
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Down-
loads

RatingSize
(Mb)

Lan-
guages

Brief descrip-
tion

Affilia-
tion

DeveloperTarget popu-
lation

Last up-
date

Ver-
sion

Coun-
try

Operating
system

NameID

500+N/Ab24.8English;
Afrikaans;
Xhosa

Provides
supportive
information
to mothers
of hospital-
ized prema-
ture infants
as they par-
take in the
care of their
infant.

Univer-
sity

UCT Hu-
man Com-
puter Inter-
action lab

Mothers of
hospitalized
premature
infants.

20202.0.5South
Africa

AndroidPreemie
Mom
Care

A8

50+N/Ab;

N/Ae

63.5EnglishConnect
with other
women
through
forms for
preterm
birth. Arti-
cles and
videos about
caring for a
preterm baby
and yourself.

Univer-
sity

Chih H
Wang

Parents of a
preterm ba-
by.

20231.8.5The
United
States

Apple
iOS; An-
droid

Preterm-
Connect

A9

aNICU: neonatal intensive care unit.
bRating in Google Play.
cN/A: not available.
dNGO: nongovernmental organization.
eRating in Apple App Store (range 0-5).

App Content
Most of the information in all apps was directed to the period
in the NICU. The quantity of information for the posthospital
discharge period was limited. Some apps have one “chapter”
that covers the postdischarge period (A5, “at home with baby;”
A9, “Parenting at home”), whereas other apps have subthemes
within a chapter (A4, “Preemie Parenting” and “going home”).
Topics that were addressed varied widely between the apps

(Table 3). The most common topics that were covered in the
apps related to the period post discharge were: vaccinations,
follow-up, and recognizing signs of illness. More practical
information was provided on feeding, using home oxygen, and
sleep (Table 3). Less often, the apps provided information on
aspects that were reported as relevant by parents [5,8] as diaper
change (A5 and A9), crying (A1, A7, and A9), or parental
well-being (A4, A5, and A9).
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Table 3. Most common postdischarge topics and functionalities of the apps.

App IDsNumber of appsApp content

Common topics post discharge

A2, A3, A4, A5, A6, A8, and A97Feeding

A1, A2, A3, A4, A5, and A96Vaccinations

A1, A3, A4, A5, A8, and A96Follow-up

A1, A2, A7, A8, and A95Signs of illness in a baby

A1, A3, A5, A7, and A95Sleep

A3, A4, A5, and A74Home oxygen

A5, A6, A7, and A94Bathing

Functionalities

A4, A5, and A63Monitoring or tracking (diary, growth, and weight)

A4, A5, and A73Making notes or saving questions

A2, A4, and A53Sharing information

A1, A2, and A93Saving articles

A91Community groups

Besides information provision, the apps also included other
functionalities, including monitoring and tracking of infants’
weight and height, amount and duration of feeding, or parental
mood (A4, A5, A6, and A7; Table 3). The option of making
notes was also provided by 4 apps (A3, A4, A7, and A9).
Sharing information from the app with others was available in
3 apps (A2, A4, and A5). Community groups were only
incorporated in a single app (A9).

Quality of the Apps (MARS)
The interrater reliability of the MARS of the two raters was
high (ICC=0.99, CI 0.98-0.99). The overall mean quality (range
0-5) of the 9 apps was 3.4 (SD 0.5; range 2.3-4.3; Table 4). The
majority of the apps (n=7) scored between acceptable to good,
one app (A7) scored below acceptable, and only one app (A4)
scored above good. There was a difference in the ratings
between the 4 objective MARS scales. Engagement was rated
as poor to acceptable (mean 2.8, SD 0.6; range 1.8-3.4),
specifically due to low scores on entertainment, customization,
and interactivity. The aesthetics domain was acceptable (mean
3.2, SD 1.0; range 1.7-5). Information quality and functionality
were close to good (mean 3.8, SD 0.6; range 2.3-4.3), and (mean
3.9, SD 0.5; range 3.3-4.8), respectively. Several apps received

a good score (>4) for information quality (A2, A4, A5, A6, and
A9), functionality (A2, A3, A4, and A8), aesthetics (A4 and
A6), and overall mean quality (A4). None of the apps received
a good score for engagement. The subjective quality (total range
0-18) ranged from 8 to 16, with a mean of 12.6 (SD 3.0). A total
of 7 apps (A1, A2, A3, A4, A5, A6, and A9) received a good
score for subjective quality.

Understandability and Actionability of the Apps
(PEMAT-AV)
The interrater reliability of the PEMAT-AV between the two
raters was high (understandability ICC=0.89, 95% CI 0.55-0.98;
actionability ICC=0.91, 95% CI 0.59-0.98). The mean
understandability of the apps was 78% (SD 12%), ranging from
55% to 100% (Table 4). Only a single app (A2) scored the
maximum of 100% for understandability. Lower ratings were
obtained when lacking a summary of the information or visual
cues to draw attention to key points. The mean actionability
was 85% (24%; range 33% to 100%). Lower ratings were
obtained when not addressing the user directly or not breaking
the action down into manageable, explicit steps. A total of 6
apps (A2, A3, A5, A6, A7, and A9) received the maximum
score of 100% for actionability.
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Table 4. Quality of the apps and the understandability and actionability of the information material.

PEMAT A/VbMARSaNameID

ACjUiEhMeang

(SD)
DfCeBdAc

3375143.5 (0.3)3,83.73.53BabbleA1

100100103.3 (1.2)4.224.82.2Birth & BeyondA2

10075143.6 (0.3)3.53.343.4IFDCA3

6782164.3 (0.7)4.254.83.2MyPreemie appA4

10055143.5 (0.4)433.83.2My Prem BabyA5

10083153.7 (0.5)4.343.63Neonatal CareA6

1007582.3 (0.6)2.31.73.31.8Our Journey in NICUA7

678283.3 (0.6)3.43.342.4Preemie Mom CareA8

10075143.5 (0.4)4.233.53.4PretermConnectA9

85 (24)78 (12)12.6 (3.0)3.4 (0.5)3.8 (0.6)3.2 (1.0)3.9 (0.5)2.8 (0.6)Mean (SD)

aMARS: Mobile App Rating Scale.
bPEMAT-A/V: Patient Education Materials Assessment Tool for Audiovisual Materials evaluation.
cEngagement.
dFunctionality.
eAesthetics.
fInformation quality.
gOverall mean quality.
hSubjective quality.
iUnderstandability.
jAC: actionability.

Discussion

Principal Findings
This app review provides insight into the availability, content,
quality of the apps, and the understandability and actionability
of the information material for parents of preterm infants after
hospital discharge. A total of 9 apps were identified that
provided information after hospital discharge, but the amount
of information on the postdischarge period was limited in all
apps. Only one app was of overall good quality, while the mean
overall quality was between acceptable and good. The
understandability and actionability of the apps were respectively
moderate and good.

Although our inclusion criteria focused on the postdischarge
period, the apps in this review contained primarily information
for the NICU period. The lack of high-quality and
understandable apps found in this review is in contrast with the
needs of parents of VPT infants after hospital discharge. Parents
of VPT infants have reported challenges when they are at home
regarding the availability and usability of information [8]. For
parents who struggle to seek information, finding an app with
appropriate and reliable content will be even more difficult,
particularly for those with low health literacy skills [29]. Health
care professionals, such as nurses, pediatricians, or pediatric
physical therapists, have a responsibility to support parents in
their search for relevant and reliable information during their
hospital stay. As parental competence was found to decrease

after discharge home, it is an important strategy to improve
parental confidence in taking care of their VPT infant [30].
When parents and infants are at home, without direct access to
a health care professional, apps have the potential to provide
health information to parents and can be accessed when and
where needed.

Mobile apps can, however, not replace in-person care. Effective
use of apps requires guidance from health care providers, as
combining digital tools with professional support has been
shown to enhance parental confidence [31]. This is even more
important for parents with limited health literacy or digital
literacy, who are at higher risk of misunderstanding or
misapplying information [18,19]. Our findings confirmed that
the understandability of many apps is limited, largely due to
complex medical terminology and text-heavy formats. This can
particularly exclude parents with low health literacy, widening
the existing digital divide [32]. Improving understandability,
for example, through audio, video, simplified language, and
multilingual options, along with professional support, is essential
to make apps usable and effective for all parents.

Apps that cover both the period in hospital and after discharge
can be beneficial to parents by providing relevant information
throughout the different phases. In a previous review of 18 apps
in the NICU context [15], only 5 were included in our review,
indicating that most NICU apps do not cover topics
post-discharge. There was variability in the amount of
postdischarge information, the topics, the emphasis within the
topics, and how the information was presented. Unfortunately,
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the topics do not seem to correspond with the information needs
of parents upon discharge [5,8], such as daily infant care,
neuromotor development, as well as the impact of prematurity
on parents. Instead, most topics are focused on vaccinations,
follow-up, and using home oxygen.

Despite the use of Dutch search terms, no Dutch apps were
retrieved in the App stores that fulfilled the inclusion and
exclusion criteria. The Dutch apps that were found in the Google
search were no longer available in the Google Play Store or
Apple Store. The majority of the apps evaluated in this review
were last updated over one year ago. This lack of updates is in
line with a scoping review about problems and barriers related
to the use and implementation of apps [33] and, consequently,
impedes usability and user experience, which ultimately affects
the effectiveness of applications. Apps without active
maintenance quickly become outdated due to evolving
technology, guidelines, and operating systems [34]. This
underscores the necessity of a viable business model and
continuous refinement and maintenance after initial development
[35]. Sustainable funding for apps is essential, but there are
currently few resources available. Partnerships between industry
and research may offer a possible solution for some apps.

Only one app had good overall quality, whereas the mean overall
quality of the apps was merely acceptable. This is in agreement
with an earlier app review, where the mean overall quality was
also acceptable [15]. Specifically, aspects within the domains
of engagement and aesthetics could be improved. The apps
scored particularly low on the engagement domain of the
MARS, lower than acceptable. This subscale assesses whether
the app is fun, interesting, customizable, interactive, and
well-targeted to the audience. Lack of engagement is a common
barrier related to the use of mHealth apps and is associated with
low adherence [33]. Different functionalities can facilitate
parental engagement with an app. A low rating on the
Engagement domain suggests improvements are needed.
Increasing engagement through entertainment appears not
suitable for an app that provides information related to
prematurity. However, the app could be customizable or
interactive, and should certainly be well-targeted to the audience.
If not, this latter aspect would certainly hinder the use of the
app. A positive finding from our review was that the domain
“information quality” of the apps was close to good. Reliable
information is important as it may decrease parental stress and
support better caregiving behavior [12]. This also matches the
parental needs for reliable information and is probably a result
of the reputable sources (hospitals and universities) that
developed the apps. This is in contrast with two previous studies
in which only 31% and 40% of the websites provided accurate
and reliable information for parents of premature babies [6,11].

The understandability of the apps was scored as moderate,
largely due to the primarily text-based information, indirect
communication with users, and frequent use of medical
terminology. In contrast, the app Birth and Beyond (Global
Health Media Project) circumvented this problem by using only
videos, in multiple languages. During stressful periods, such as
hospital discharge, information should be presented in a clear
and accessible manner, particularly for parents with low health
literacy. For these individuals, the digital divide can be further

exacerbated when the information is difficult to comprehend.
The hospitals, universities, and nongovernmental organizations
create apps with reliable information, but it may not be easily
understood by all users. To meet the informational needs of all
parents, apps need to be more understandable. Co-design that
incorporates both health care professionals’ and parents’
perspectives can enhance app understandability by identifying
the preferences and needs of the target group [34]. Reducing
text, written at accessible reading age levels, using multiple
languages, and incorporating audio and visual formats may
improve understandability.

Only 2 papers were retrieved that described the development
of an app [27,28], indicating a general lack of transparency
about co-creation. None of the 9 apps have been assessed for
their impact on parental outcomes. A study on the NICU2HOME
app (CF Garfield) [31,36] showed that parental self-efficacy
and satisfaction with care improved in parents of preterm infants.
This mobile app has not been included in this review, as an
access code was required. More research is needed to evaluate
the use of apps, parental satisfaction, and the effects of app use
on parental outcomes.

Limitations
First, only English and Dutch apps, free and without an access
code, were included in the search, thereby possibly missing
potential relevant apps. Second, other online resources that
provide information to parents, such as websites, were also
excluded. Also, progressive web applications were not captured
in our search, as these are not available in the searched app
stores. Third, the search for apps is time-dependent. Some apps
are only available for a short time in the app stores, and
replication of the search is therefore difficult. This became clear
when apps identified through Google or PubMed were not
available in the app stores. During the initial screening of app
descriptions and features, followed by a secondary screening
for inclusion, app content has been checked to decide whether
it also contained information related to the postdischarge period.
Fourth, it may be possible that apps have been excluded during
the initial screening because the description did not refer to
information related to the postdischarge period. However, this
information was then likely not substantial and would also not
appeal to parents. Fifth, the assessment of the quality of the
apps and the understandability and actionability of the
information material has been done by the MARS and PEMAT
A/V. These are validated tools used by professionals. The
researchers were familiar with the parental needs for information
[8] and did consider the parental perspective during the
evaluation of the apps. However, direct information from parents
of a preterm infant has not been taken into account. As parents
are the key users, their experiences are most valuable, and their
engagement is important to ensure the content meets their needs.
A next step would be to include parents to evaluate their
experiences with good-quality apps. Finally, although it was
evident that information on the postdischarge period was limited,
we did not quantify the amount of information provided in the
apps. Topics on postdischarge information were identified using
a checklist and compared to previously recognized parental
needs for information. While the lack of information on the
posthospital discharge period was apparent, no specific
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measurement was conducted to assess the extent of information
for the hospital or home environment. Furthermore, an
assessment of the relevance of the topics was also lacking.
Future work may establish new methods to incorporate these
aspects.

Recommendations
During the post hospital-discharge period, parents of preterm
infants need evidence-based, reliable, and practical information.
Mobile apps have the potential to offer this information in an
accessible way. Currently, few good quality apps exist that
contain reliable and understandable information, as the My
Preemie app or Preterm Connect. However, more relevant
information that matches the needs of parents of VPT infants
after hospital discharge is necessary. Future development of
digital support tools should also consider solutions that bridge
the gap between in-hospital and at-home care by extending
access to apps currently limited to the NICU setting. Co-design
with parents has been shown to improve the relevance and
understandability of health apps [37]. We not only recommend
that future apps should be developed or adapted in co-creation

with end users, but also that the development process is clearly
reported. Research into the use and satisfaction of the parents
should establish what information is key for parents, as well as
how to deliver this information. In addition, the accessibility
and understandability of an app need to be evaluated among
parents with a preterm-born infant. The next step would be to
evaluate the effect of the information app on parental outcomes
as parenting skills, knowledge, and confidence.

Conclusion
The current availability of mobile information apps for parents
of preterm infants targeting the period after hospital discharge
is limited and not in line with the high parental demand. A total
of 9 English apps were identified containing information on the
postdischarge period. However, the apps contained limited
content for the period at home. The overall quality of the apps
was just acceptable, but the information quality was close to
good. The understandability of the apps was moderate.
Developing apps in co-creation with the end-users to better
match their needs and increase the understandability is
recommended.
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