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Background: Digital health interventions based on tools for Computerized Decision Support (CDS) and Machine
Learning (ML), which take advantage of new information, sensing and communication technologies, can play a
key role in childhood obesity prevention and treatment.
Objectives: We present a systematic literature review of CDS and ML applications for the prevention and
treatment of childhood obesity. The main characteristics and outcomes of studies using CDS and ML are demonstrated, to advance our understanding towards the development of smart and eﬀective interventions for
childhood obesity care.
Methods: A search in the bibliographic databases of PubMed and Scopus was performed to identify childhood
obesity studies incorporating either CDS interventions, or advanced data analytics through ML algorithms.
Ongoing, case, and qualitative studies, along with those not providing speciﬁc quantitative outcomes were
excluded. The studies incorporating CDS were synthesized according to the intervention’s main technology (e.g.,
mobile app), design type (e.g., randomized controlled trial), number of enrolled participants, target age of
children, participants’ follow-up duration, primary outcome (e.g., Body Mass Index (BMI)), and main CDS feature(s) and their outcomes (e.g., alerts for caregivers when BMI is high). The studies incorporating ML were
synthesized according to the number of subjects included and their age, the ML algorithm(s) used (e.g., logistic
regression), as well as their main outcome (e.g., prediction of obesity).
Results: The literature search identiﬁed 8 studies incorporating CDS interventions and 9 studies utilizing ML
algorithms, which met our eligibility criteria. All studies reported statistically signiﬁcant interventional or ML
model outcomes (e.g., in terms of accuracy). More than half of the interventional studies (n = 5, 63 %) were
designed as randomized controlled trials. Half of the interventional studies (n = 4, 50 %) utilized Electronic
Health Records (EHRs) and alerts for BMI as means of CDS. From the 9 studies using ML, the highest percentage
targeted at the prognosis of obesity (n = 4, 44 %). In the studies incorporating more than one ML algorithms and
reporting accuracy, it was shown that decision trees and artiﬁcial neural networks can accurately predict
childhood obesity.
Conclusions: This review has found that CDS tools can be useful for the self-management or remote medical
management of childhood obesity, whereas ML algorithms such as decision trees and artiﬁcial neural networks
can be helpful for prediction purposes. Further rigorous studies in the area of CDS and ML for childhood obesity
care are needed, considering the low number of studies identiﬁed in this review, their methodological limitations, and the scarcity of interventional studies incorporating ML algorithms in CDS tools.
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1. Introduction

b) CDS features within a computer-assisted technology (such as mobile
apps, web sites, or other electronic health tools) or ML algorithms/
models used should be described, c) quantitative outcomes of the study
should be presented, and d) the paper describing the study, must have
been written in English. Ongoing studies, case reports, surveys or reviews, qualitative studies, studies describing protocols, and all studies
conducted before 2008 were excluded from the review.
A search within the title, abstract, and keywords of the manuscripts
was performed using the following terms: “decision support” OR
“coaching” OR “machine learning” OR “data mining” OR “artiﬁcial intelligence” AND “obesity” AND (“child” OR “children” OR “childhood” OR
“adolescent” OR “adolescence”). Besides using the term “machine
learning”, we used the generic search term “artiﬁcial intelligence”,
which is the broader concept for ML applications, and the term “data
mining”, which is relevant to ML, since it refers to the pattern extraction from data by combining methods from computational statistics and
ML [26]. Three reviewers (AT, CLR, DNO) independently reviewed and
selected the papers, to avoid making errors or including biased results
in the selection process. The reviewers ﬁrst screened all the abstracts of
the found articles and assessed their eligibility according to the inclusion and exclusion criteria. Moreover, the reviewers selected the ﬁnal
papers for inclusion after reading the full manuscripts of the eligible
articles.
We used the Eﬀective Public Health Practice Project (EPHPP) tool to
assess the methodological quality of the studies conducted in an interventional research setting, because EPHPP has been found to be reliable [27]. The studies incorporating CDS were synthesized according
to the intervention’s main technology (e.g., mobile app), design type
(e.g., randomized controlled trial), number of enrolled participants,
target age of children (including adolescents), participants’ follow-up
duration, primary outcome (e.g., Body Mass Index (BMI)), and main
CDS feature(s) and their outcomes (e.g., notiﬁcations for caregivers
when BMI is high). The studies using ML were synthesized according to
the number of subjects included and their age, the ML algorithm(s) that
has been used (e.g., logistic regression), as well as their main outcome
(e.g., prediction of obesity). The systematic review was conducted following the PRISMA guidelines [28]. We have included a completed
PRISMA checklist as Supplementary Material.

Childhood obesity is unarguably a major public health challenge,
which is associated with adult obesity and the prevalence of many noncommunicable diseases such as diabetes, cardiovascular disease, and
cancer [1–3]. In this context, the development of interventions which
can eﬀectively diagnose, manage, treat, or prevent childhood obesity is
of paramount importance.
New computer-assisted information and communication tools can
provide useful means to develop smart digital health interventions to
ﬁght childhood obesity [4,5]. Data collected through Internet-linked
systems (including web sites), electronic health records capturing
clinical or demographic information, sensors (such as wearable trackers
monitoring parameters such as activity and heart rate) and mobile
devices (such as smartphones or tablet computers tracking user behavior), provide the opportunity to generate useful knowledge in regard
to a patient’s health, behavior, and progress [6]. In this direction, the
knowledge generated through the collection, processing, and evaluation of clinical, sensed, behavioral, or demographic data can be used to
support the decisions made by caregivers in terms of management,
treatment and follow-up interventions, and coach patients where required, so that these are engaged in the monitoring of their condition
[7]. In the context of this review, we refer to such computer-based
services for caregiver support in decision-making and patient coaching
as “Computerized Decision Support” (CDS) [8,9]. The potential of such
CDS systems in improving the eﬃciency and quality of healthcare delivery systems has been reported [10,11], and as a result, their use in
clinical practice for the management of many medical conditions such
as cardiovascular disease [12], diabetes [13], and lung diseases [14],
has risen [15].
Machine learning (ML) [16,17], has recently been shown to be an
emerging underlying technology for many CDS systems targeting e.g.,
patients with diabetes or sepsis [7,18], with potential to revolutionize
healthcare delivery [19]. In particular, ML as an algorithmic framework
can provide useful insights into data, facilitate inference, and derive
knowledge, and thus it has been widely applied for the purpose of
prognosis or diagnosis of a disease [19,20].
Despite the unarguable beneﬁts of CDS and ML adoption found in
several healthcare applications, literature reviews in the area of CDS
and ML for childhood obesity care have been remarkably limited.
Related reviews have merely focused on the broader use and eﬀectiveness of speciﬁc means for user interaction such as mobile and
wireless devices [21], interactive electronic media [22], or health information technology including telephone support and text messaging
[6]. Other review studies have a more narrow focus on prediction of
childhood obesity through statistical methods [23,24], rather than the
application of ML techniques for childhood obesity care [25].
Considering the potential of CDS and ML in deriving useful
knowledge, supporting patients and caregivers on their decisions, and
improving the healthcare delivery for medical conditions, we wanted to
assess their application for the prevention and treatment of childhood
obesity. In this direction, we conducted a systematic literature review
demonstrating the main characteristics and outcomes of studies
adopting CDS and/or ML, with the aim to advance our understanding
towards the development of smart and eﬀective interventions for
childhood obesity care.

3. Results
3.1. Literature search outcomes
We performed the search in the widely-used electronic databases of
PubMed and Scopus in July 2018, with 278 results being returned in
total (72 results from PubMed and 206 results from Scopus) (Fig. 1).
The retrieved records were imported into the Zotero© bibliography
management software [29], and 65 duplicates were removed. The abstracts of the remaining 213 articles were screened according to our
inclusion and exclusion criteria, from which we identiﬁed 28 eligible
articles. The reviewers read the full-text of those 28 manuscripts, and
agreed to include 17 eligible manuscripts, from which 8 described the
outcome of CDS interventions [30–37], and 9 described outcomes of ML
techniques [38–46]. 11 studies were excluded because they did not
present any quantitative outcome related either to CDS or ML [47–50],
did not focus on CDS, but instead described the generic use of SMS or
email [51–53], did not include important details such as the number of
participants and the duration of the study [54], and three studies reported additional outcomes of an intervention already included in the
review [55–57].

2. Methodology
We searched the bibliographic databases of PubMed and Scopus to
identify recent studies published over a 10-year period (2008–2018),
which incorporated CDS within a digital health intervention or used
ML, for the purposes of prevention or treatment of childhood obesity.
The inclusion criteria for study selection were the following: a) the
study should be conducted with children or adolescents till the age of
18 years, either in an interventional research setting or retrospectively,

3.2. Quality assessment
The 8 studies reporting CDS interventions were assessed according
to the EPHPP criteria for selection bias, design, confounders, blinding,
data collection, and drop-outs. The methodological quality was found
2
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Fig. 1. PRISMA ﬂow diagram for study inclusion.

trained health coach and the family [36], or educational purposes [37],
c) one intervention (n = 1, 13 %) used a web site for family and health
providers, in which measurements and lifestyle information could be
compared to recommendations based on clinical guidelines [30], and d)
one intervention (n = 1, 13 %) used exergames and video-chat in a
gaming console to build child’s self-eﬃcacy for weight loss and encourage health behavior change [32]. Wearable trackers to monitor
physical activity (e.g., steps) were used in only 2 interventions (25 %)
[32,37].
The primary outcome for most interventional studies (n = 5, 63 %)
was change in BMI [32–36]. Other outcomes included the adherence to
clinical guidelines (n = 2, 25 %) [30,31], and physical activity (n = 1,
13 %) [37]. All studies reported signiﬁcantly positive (statistically
signiﬁcant) interventional outcomes. Most studies (n = 6, 75 %) targeted children up to 13 years old, while a couple of studies (n = 2, 25
%) included children aged from 2 to 18 years.
The primary actors of the interventions also varied; 2 interventions
(25 %) targeted speciﬁcally the support of health professionals towards
their adherence to clinical guidelines (e.g., in obesity diagnosis)
[30,31], while 3 interventions (38 %) targeted both clinicians (pediatricians) and families (e.g., to coach and motivate them) [33–35]. In
addition, 2 interventions (25 %) involved children, their families and a
ﬁtness coach (for health behavior change) [32,36], and 1 intervention
(13 %) aimed only at children and their education [37]. The average
number of enrolled participants in the studies was 925 (range
33–5493), and the average follow-up duration was 276 days (range
30–730).

Table 1
Quality assessment (W: Weak, M: Moderate, S: Strong) of included studies reporting CDS interventions based on the EPHPP criteria (SB: Selection bias, SD:
Study design, CF: Confounders, BL: Blinding, DC: Data collection methods, WD:
Withdrawals and dropouts).
Study

Gance-Cleveland et al. [30]
Shaikh et al. [31]
Staiano et al. [32]
Taveras et al. [33]
Taveras et al. [34]
Taveras et al. [35]
Tripicchio et al. [36]
Yacef et al. [37]

EPHPP Criteria

Global Rating

SB

SD

CF

BL

DC

WD

M
W
M
W
W
M
W
W

S
S
S
S
S
M
M
M

W
S
S
M
S
M
M
W

M
M
S
S
W
W
W
W

M
S
W
S
S
S
W
W

W
W
S
S
S
W
M
W

W
W
M
M
W
W
W
W

to be weak for most studies [30,31,34–37] (n = 6, 75 %), mainly due to
participants’ selection bias caused because of a low participation rate
(therefore the chance of participants being representative of the population is small), lack of blinding caused because of making participants aware of the research question (thereby increasing the chance of
reporting bias), and high study drop-out rates (or absence of their reporting) (Table 1). Two studies (25 %) were found to be of moderate
quality [32,33]. In total, ﬁve studies [30–34] (63 %) were designed as
randomized controlled trials. Taveras et al. used a quasi-experimental
design [35], Tripicchio et al. utilized a cohort study [36], and Yacef
et al. employed a pre-post pilot study [37].
3.3. Type, outcomes, and actors of CDS interventions

3.4. Engagement and satisfaction with CDS interventions

The CDS interventions (Table 2) were of diﬀerent types and as such
they were grouped together as follows: a) half of the interventions
(n = 4, 50 %) used Electronic Health Records (EHRs) for the clinical
management of childhood obesity via alerts based on the Body Mass
Index (BMI) [31,33–35], b) a couple of interventions (n = 2, 25 %)
used a tablet app for goal-setting and videoconferences held between a

The engagement of the diﬀerent actors in the CDS interventions
varied. In the study by Gance-Cleveland et al. [30], targeting adherence
of health professionals with clinical guidelines, it was reported that the
17 training modules for the use of the CDS intervention were completed
by only 11 % of the providers participating, and 64 % completed at
least 75 % of the modules. Concerning the studies targeting both
3

EHR

EHR

Tablet app

Tablet app and
wearable tracker

Taveras et al. [34]

Taveras et al. [35]

Tripicchio et al. [36]

Yacef et al. [37]

Exergames and
wearable tracker

Staiano et al. [32]

EHR

EHR

Shaikh et al. [31]

Taveras et al. [33]

Web site

Gance-Cleveland
et al. [30]

MT

4

Pilot study

Cohort study

Quasiexperimental study

RCT

RCT

RCT

RCT

RCT

SD

59

64

5493

721

549

46

432

33

NP

10-12

2-18

2-12

2-12

6-12.9

10-12

2-18

5-12

TA

30

84

730

365

365

180

270

180

FU

Physical activity

BMI

BMI

BMI

BMI and quality of care

Adherence to
guidelines by health
professionals
Adherence to
guidelines by health
professionals
BMI

PO

Yes (for cohort with
skype coaching
sessions)
Yes

Yes (for 1 out of 2
intervention sites)

Yes

Yes

Yes

Goal-setting, motivational feedback,
and coaching video-conference
sessions
User interfaces for education

Alert BMI ≥ 85th percentile

Alert BMI ≥ 85th percentile

Encouragement through gameplay
and coaching videoconference
sessions
Alert BMI ≥ 95th percentile

Comparison of measurements and
patient lifestyle information with
clinical guidelines
Alert BMI ≥ 85th percentile

Yes

Yes

CD

SO

Rewards and encouragement

Notiﬁcation for pediatrician with links for education,
parent educational materials, documentation, referral
(weight-management program), and order placement
(laboratory study)
Clinical decision support tools for pediatric weight
management, parent educational materials, a
Neighborhood Resource Guide, and
monthly text messages
Notiﬁcation for pediatrician with links for education,
documentation, referral (weight-management program),
and order placement (laboratory study)
Health behavior change

Building the child self-eﬃcacy and social support for
physical activity

Diagnosis of overweight/obesity, follow-up visits,
counseling

Growth chart, risk factors, recommendations for care
providers

CO

Table 2
Characteristics of included studies for CDS interventions (MT: Main technological form, SD: Study design, NP: Number of enrolled participants, TA: Target age, FU: Follow-up duration, PO: Primary outcome, SO:
Signiﬁcantly positive outcome reported, CD: Computerized decision support feature, CO: Computerized decision support outcome).

A. Triantafyllidis, et al.

Artificial Intelligence In Medicine 104 (2020) 101844

5

Prediction of obesity
Diet questions, physical activity questions, sleep
duration

Patterns based on increased BMI over time
BMI

Detection of severe obesity excluding potential
secondary obesity (diagnosis)
Overweight-obesity screening (pre-diagnosis)
Electronic health records (demographic and
clinical data, clinical notes)
Anthropometric data

Prediction (risk) of obesity
Diet questions, sociodemographic data

5127
Zheng et al. [46]

14-18

419299
YoussefAgha et al. [45]

2-18

221
Rios-Julian et al. [44]

6-13

428
Lingren et al. [43]

1-6

634
Lazarou et al. [42]

9-13

11141
Hendrix et al. [41]

2-11

Linear regression & alert BMI≥95th percentile (BMI z-score decreased
by 0.05 units (95 % CI = –0.01, –0.10)
for every mile home closer to large supermarket
Generalized linear mixed eﬀects regression (P = 0.01 for having TV in the bedroom,
P = 0.54 for watching TV/computer for > 2 hours/day)
C4.5 decision tree (risk of obesity of 75 % when children consume frequently fried food,
delicatessen meat, sweets and junk food, soft drinks and do not consume enough ﬁsh)
Support vector machines, Naïve Bayes, patient vectors based on ICD-9 diagnosis codes
(rule-based algorithm) (positive predictive value of 0.895 and 0.770 in 2 data-sets)
J48 (C4.5) decision tree (94.57 % accuracy), logistic model trees (98.19% accuracy),
multilayer perceptron (ANN) (98.19 % accuracy), random forests (95.48% accuracy),
simple logistic regression (98.19 % accuracy)
Linear regression (mean
trends for obesity (R2 = 0.513) and overweight
(R2 = 0.72) had increasing slopes of 0.189 and 0.227,
respectively)
Binary logistic regression (56 % accuracy), Improved Decision Tree (IDT) (80 % accuracy),
weighted k-nearest Neighbor (KNN) (89 % accuracy), ANN (84 % accuracy)
498
Fiechtner et al. [40]

6-12

16
Fergus et al. [39]

10-11

Screen exposure questions

Classiﬁcation of physical activity (drawing, free
play, jogging, and walking)
Association of proximity to supermarket with the
eﬀect of an obesity intervention
Accelerometer data, direct observations, and
BMI
BMI, distance of home to supermarket, diet,
fruit, vegetable intake

Prediction of obesity
Demographic and clinical history questions
7519
Dugan et al. [38]

2-10

RandomTree (84 % accuracy), random forests (86 % accuracy), J48 (C4.5) decision tree
(79% accuracy), ID3 decision tree (85 % accuracy), Naïve Bayes (65% accuracy), and
BayesNet (63% accuracy)
Multilayer perceptron (Artiﬁcial Neural Network - ANN) (96 % accuracy)

MO
FE
ML (% accuracy or other used performance metric/eﬀect size)

The highest percentage of the 9 studies using ML algorithms
(Table 3) targeted the prediction of obesity (n = 4, 44 %)
[38,41,42,46], while a couple of studies targeted the diagnosis (or prediagnosis) of obesity itself (n = 2, 22 %) [43,44]. Moreover, the remaining studies explored the classiﬁcation of physical activity [39], the
correlation between proximity to a supermarket and obesity treatment
[40], and patterns that describe the increase in BMI [45]. As a matter of
fact, all studies reported statistically signiﬁcant results. The average
number of study participants was 49,431 range 16–419299) and the
children ages varied (from 1 to 18 years old), with one study targeting
speciﬁcally pre-school children aged from 1 to 6 years old [43].
Most studies using ML algorithms sought to solve classiﬁcation
problems (n = 7, 78 %) [38,39,41–44,46], while a couple of studies
dealt with regression problems (n = 2, 22 %) [40,45]. The most used
ML algorithm in those studies was decision trees (C4.5, ID3, and improved decision trees) (n = 4, 44 %) [38,42,44,46], followed by the
application of Artiﬁcial Neural Networks (ANNs) (n = 3, 33 %)
[39,44,46] and logistic regression (n = 3, 33 %) [41,44,46], random
forests (n = 2, 22 %) [38,44], and linear regression (n = 2, 22 %)
[40,45].
Features (i.e., prognostic factors) for predicting obesity were found
to be overweight before the age of two [38], having a TV in the bedroom [41], increased consumption (3–5 times/week) of soft drinks,
delicatessen meat, sweets, fried and junk food while not eating enough
ﬁsh and seafood (less than 2 times/week) [42], and increased consumption (more than 1 time/day) of soft drinks or using computer often
(more than 3 h/day) [46]. The ML models in the studies for obesity
prediction were mainly based on data acquired through questions such
as demographic and clinical history questions [38], screen exposure
questions [41], diet questions and sociodemographic data [42], as well
as diet and physical activity behavior questions [46].

TA

3.5. Applications of machine learning: algorithms, features, and outcomes

NP

Table 3
Characteristics of included ML studies (NP: Number of participants, TA: Target age, ML: Machine learning algorithm used along with reported % accuracy, FE: Features used, MO: Machine learning outcome. In column
ML, the best performing algorithms where applicable, are found in bold.

clinicians and families, it was reported that 67.8 % of the participating
parents completed the required telephone calls, text message/email
program with a health coach [33], and 65 % completed their visits
[34]. The high-ﬁdelity participants showed the greatest improvements
in BMI in those studies. In the study by Staiano et al. [32], adherence to
exergaming sessions (completed vs. expected minutes per week) was
94.4 % for children, and reached 92.7 % in video-chats with a ﬁtness
coach for children and their families. In the study by Trippichio et al.
[36], the intervention group of children and their families which had at
least one video-chat with a health coach, used the ﬁtness app for goalsetting, for an average of 38.7 min per week (signiﬁcantly better than
the 20.5 min per week of the group without video-chats), and it was
signiﬁcantly associated with BMI reduction. No outcomes related to the
engagement of study participants with the intervention were provided
in the studies by Shaikh et al. [31], Taveras et al. [35], and Yacef et al.
[37].
In all studies reporting satisfaction with or acceptance of the CDS
intervention, this was deemed to be high. More speciﬁcally, satisfaction
of health professionals with the training on the use of the CDS system
was high in the study by Gance-Cleveland et al. [30], with overall satisfaction means ranging from 3.76 to 3.2 in a 4-point Likert scale. In
the studies by Taveras et al. [33,34] which employed similar design,
parents in the CDS + coaching intervention who were provided with
educational material and additional individualized family coaching,
showed an increased satisfaction compared to the CDS intervention
without individualized family coaching (increase from 46.9 % to 81.3
% in [33] and from 48 % to 63 % in [34]). In the study by Staiano et al.
[32], the majority of children found the exergaming acceptable and
enjoyable. In the study by Tripicchio et al. [35], parents participating in
the intervention group which was provided with both video-chats with
a health coach and a ﬁtness app, found the intervention as helpful to
reach their own health goals.

Prediction of obesity
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[30,39,44], do not allow to generate any strong evidence on the effectiveness of CDS and ML for childhood obesity care.
Whereas CDS was found to be useful for the self-management
[32,36,37] or the remote medical management [30,31,33–35] of
childhood obesity mainly through the employment of tools such as
mobile apps and EHRs, and CDS features such as motivational feedback
and BMI alerts, ML techniques were found to be particularly useful for
the prediction of obesity [38,41,42,46]. However, all studies for ML
have been retrospective. We found no CDS interventions incorporating
ML algorithms in a clinical research setting. This might suggest that
there is potential for new and original research in making ML more
useful in clinical practice, through CDS tools based on ML algorithms,
which can be used by children and their caregivers in their daily routine
[60]. The development of such tools and their systematic evaluation in
interventional healthcare settings within well-designed longitudinal
clinical studies which address issues of bias and drop-outs as identiﬁed
in this review, would then be an important step towards data-driven
clinical decision making, improved self-management, and preventive
care.
Considering the outcomes of methodologically sound studies (according to our quality assessment) with CDS interventions [32,33], it
appears that exergames could play a key role for the encouragement of
children to change their health behaviour (e.g., improve their level of
ﬁtness), and ﬁght obesity. This ﬁnding is in-line with other reviews
[61,62], although there have also been studies which have shown unclear beneﬁts of exergames [63,64]. Therefore, the design of exergames
and their integration with CDS features such as video-chat and motivational feedback [32], should be carefully considered, since this could
bring added beneﬁts in terms of child engagement and health outcomes. Furthermore, the use of EHRs by clinicians and the reception of
computer-based alerts based on the BMI [33] could improve the quality
of the delivered care, and contribute to the optimal management of
childhood obesity. Information captured in EHRs or other digital health
tools could be enriched with objective data (e.g., steps or minutes of
moderate-to-vigorous physical activity) provided by wearable trackers,
a feature which was missing from most interventions in this review.
Our review also revealed that the engagement of both health professionals [30] and families [33,34] with CDS interventions was not
often high. Considering the dose-eﬀect relationship in interventions,
strategies to improve engagement of caregivers and therefore decrease
the possibility of study drop-outs (a methodological limitation of several studies included in this review) and increase the chance of bringing
better health outcomes, can be particularly important. In this direction,
the communication of health professionals with families and children,
e.g., through coaching sessions in the form of video-chats for personal
education and encouragement, has been regarded as extremely helpful
[35]. Furthermore, the satisfaction of caregivers when such coaching
sessions are present, is deemed to be high [33,34,36].
ML was shown to provide useful data insights for diagnosis of
childhood obesity, classiﬁcation of physical activity for childhood
obesity care, obesity treatment based on proximity to supermarkets,
increasing BMI patterns, and more dominantly childhood obesity prediction. For example, the features used to predict childhood obesity in
the diﬀerent studies were found to be many (e.g., being overweight
before the age of two, drinking a lot of soft drinks daily, etc.), and
further research is needed to verify their importance as prognostic
factors. Nevertheless, these outcomes show the virtue of ML in preventive care, considering the wide availability of enormous amounts of
data in clinical settings [65].
In studies incorporating more than one ML algorithm and reporting
accuracy, it was shown that decision trees and random forests based on
demographic and clinical history data [38], as well as KNN and ANNs
based on questions for diet and physical activity [46], could accurately
predict childhood obesity. This suggests that both models which can be
interpreted by health professionals, such as decision trees, and models
which cannot be easily interpreted, such as ANNs, could be eﬀective.

In the study by Lingren et al. [43], the focus was to deﬁne a high
precision phenotype for the diagnosis of childhood obesity. This was
made possible through a feature set for machine learning which employed the Uniﬁed Medical Language System (UMLS) concept unique
identiﬁers, ICD-9 codes, and RxNorm codes captured in EHRs. In another study aiming at obesity diagnosis by Rios-Julian et al. [44], it was
found that a feature set including anthropometric variables other than
skinfold thickness, could be utilized to diagnose overweight/obese
children in the State of Guerrero, Mexico. The tested models in the
above-mentioned studies for obesity diagnosis/pre-diagnosis were
based on data acquired through EHRs (e.g., unstructured clinical notes
and demographic data) [43], as well as anthropometric data such as
skinfold thickness, BMI, and waist circumference [44].
The study by Fergus et al. [39], focused on the classiﬁcation of
physical activity (drawing, free play, jogging, and walking), which was
achieved accurately through applying ANNs using the mean hand and
mean waist accelerometer count using the validated ActiGraph device
[58], along with direct observation values (each child's activity was
coded every 10-s by a trained observer).
The study by Fiechtner et al. [40], showed that living closer to a
supermarket is associated with improvements in fruit/vegetable intake
and weight status. The linear model which was built in this study used
data based on the BMI, the distance of home to supermarket, as well as
diet, fruit, and vegetable intake captured through a valid food frequency questionnaire [59].
The study by YoussefAgha et al. [45], identiﬁed a dominant pattern
ﬂaw from overweight to obese for elementary school children in
Pennsylvania counties, based on their BMI and its change over time.
Both means trend and linear regression slope for children through grade
12, showed that the rate of obesity steeply increased from 2005 to
2009.
In studies comparing two or more ML algorithms, one study for
obesity prediction in children up to 10 years of age, showed that the ID3
decision tree algorithm, RandomTree, and random forests had similar
performance in terms of accuracy, which had been superior than the
performance of J48 (C4.5) decision tree, Naïve Bayes, and BayesNet
[38]. Another study for obesity prediction in adolescents found that the
weighted k-nearest Neighbor (KNN) and ANNs had better accuracy than
binary logistic regression and Improved Decision Tree (IDT) [46]. Finally, in a study for overweight-obesity screening in children up to 13
years of age, it was shown that ANNs, logistic model trees and simple
logistic regression had better performance in terms of accuracy than
J48 (C4.5) decision tree and random forests [44].
4. Discussion
4.1. Principal ﬁndings
This review examined the current state of CDS and ML as applied in
recent studies of childhood obesity. The main outcome of the review is
that CDS interventions based on technologies such as the EHRs or
mobile apps have been found to be useful for the children and their
caregivers. In this context, children could be able to enhance their selfeﬃcacy and decrease their weight through personal encouragement for
health behavior change, goal-setting and education, whereas health
professionals could be empowered to be adherent to clinical guidelines
mainly through the reception of computerized alerts for BMI.
Furthermore, ML techniques have been proven to derive useful
knowledge from large amounts of data containing demographic, clinical, and behavioral information, thereby helping caregivers to predict
or diagnose childhood obesity. Our review shows variety in the use of
study designs, tools, methods and generation of outcomes for childhood
obesity prevention and treatment. However, the methodological limitations of included studies in the area of CDS (as identiﬁed through our
quality assessment), along with the overall small number of identiﬁed
studies and small number of study participants in some cases
6
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Furthermore, ANNs were found to be more accurate than logistic regression for prediction of obesity [46]. In studies for other purposes,
e.g., for obesity-overweight screening [44], in which however the low
number of subjects should be noticed, logistic regression was found to
be an eﬀective technique.

What was already known on the topic?
Digital health interventions based on tools for Computerized Decision Support
(CDS) and Machine Learning (ML) have shown potential in improving the
eﬃciency and quality of healthcare delivery systems.
What this study added to our knowledge?
CDS interventions based on technologies such as the Electronic Health Records
(EHRs) or mobile apps have been found to be useful for the children and their
caregivers, towards ﬁghting childhood obesity.
ML techniques have been proven to derive useful knowledge from large amounts of
data containing demographic, clinical, and behavioral information, thereby helping
caregivers to predict or diagnose childhood obesity.
The integration of ML algorithms into electronic tools such as EHRs, emerges as the
rational next step towards the development of smart and impactful digital health
interventions.
Further rigorous studies are needed to provide evidence of the clinical eﬀectiveness
of CDS and ML for childhood obesity care.

•
•

4.2. Limitations

•

We translated the research objective of the review into related
generic search terms and did not use keywords related to speciﬁc CDS
tools or ML algorithms, which nevertheless might have resulted in an
inadvertent omission of studies adopting some form of CDS (e.g., EHRs)
or ML (e.g., linear regression). Certain studies may have been overlooked due to not meeting our search word criteria or lack of indexing
in searched databases, resulting to a limited ﬁnal sample of included
articles (n = 17), and limiting the generalizability of the ﬁndings of this
review. As with all systematic reviews, and despite following the
PRISMA guidelines and incorporating three reviewers for the screening
of the literature, the possibility of publication bias (e.g., inevitable
omission of unpublished studies with null ﬁndings) should also be acknowledged. The search was restricted to only two online databases,
i.e., Pubmed and Scopus. However, these databases are two of the most
largely-used in the world [66], which index journals and articles from
all disciplines related to the review, i.e., medicine, engineering, and
computer science. An exploration of the grey-literature was not conducted. A meta-analysis was also not possible due to the fact that the
included studies were heterogeneous in terms of design, target population and primary outcomes. To the authors’ knowledge there is no
available a reliable tool for the quality assessment of studies incorporating ML, and as a result, the quality of the studies that have been
found in this area could not be systematically assessed. In this light, the
handling of missing values and the use of valid data sources should be
noticed. Although most ML studies described handling of missing values, e.g., through removing records based on speciﬁed criteria
[39,40,42,43,45], a few studies did not provide such a description
[38,44]. Furthermore, the validity of the data processed (e.g., through
the use of valid questionnaires [40]) in some cases was not clearly reported [44], or could be questionable, as for example in [46], where
children were asked for their height and weight to calculate the BMI.

•
•

Summary points
;1;
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