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Abstract

Objectives Machine learning (ML) has received significant attention for its potential to process and learn from vast amounts
of data. Our aim was to perform a scoping review to identify studies that used ML to study risk factors for chronic diseases
at a population level, notably those that incorporated methods to mitigate algorithmic bias. We focused on ML applications
for the most common risk factors for chronic disease: tobacco use, alcohol use, unhealthy eating, physical activity, and
psychological stress.

Methods We searched the peer-reviewed, indexed literature using Medline (Ovid), Embase (Ovid), Cochrane Central Register
of Controlled Trials and Cochrane Database of Systematic Reviews (Ovid), Scopus, ACM Digital Library, INSPEC, and
Web of Science’s Science Citation Index, Social Sciences Citation Index, and Emerging Sources Citation Index. Among the
included studies, we examined whether bias was considered and identified strategies employed to mitigate bias.

Synthesis The search identified 10,329 studies, and 20 met our inclusion criteria. The studies we identified used ML for a
wide range of goals, from prediction of chronic disease development to automating the classification of data to identifying
new associations between risk factors and disease. Nine studies (45%) included some discussion of algorithmic bias. Studies
that incorporated a broad array of sociodemographic variables did so primarily to improve the performance of a ML model
rather than to mitigate potential harms to populations made vulnerable by social and economic policies.

Conclusion This work contributes to our understanding of how ML can be used to advance population and public health.

Résumé

Objectifs L’apprentissage automatique (AA), ou “machine learning” (ML), est largement étudié en raison de sa capacité
a traiter et a apprendre a partir de grandes quantités de données. Notre objectif était de réaliser une revue de la portée
pour identifier les recherches qui ont utilisé ’AA pour explorer les facteurs de risque des maladies chroniques au niveau
de la population. Nous nous sommes concentrés sur les applications de ’AA aux facteurs de risque les plus courants: la
consommation de tabac, la consommation d’alcool, une alimentation malsaine, le manque d’activité physique et le stress
psychologique.

Méthodes Nous avons effectué une recherche dans des bases de données scientifiques reconnues telles que Medline, Embase,
le Registre central Cochrane, Scopus, ACM Digital Library, INSPEC, et divers indices du Web of Science. Pour les études
identifiées, nous avons examiné si elles considéraient les biais et quelles stratégies elles utilisaient pour les atténuer.
Synthése Nous avons identifié 10,329 études, dont 20 répondaient a nos criteres d’inclusion. Ces études ont utilisé 'AA
a divers fins: prédire le développement de maladies chroniques, automatiser la classification des données, ou identifier de
nouvelles associations entre facteurs de risque et maladies. Neuf études (45%) ont traité la question des biais. Celles qui
incluaient un large éventail de variables sociodémographiques 1’ont principalement fait pour améliorer les performances des
modeles d’AA, plutdt que pour réduire les dommages potentiels pour les populations vulnérables résultant des politiques
sociales et économiques.

Extended author information available on the last page of the article
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Conclusion Cette étude contribue a une meilleure compréhension de 1’utilisation potentielle de I’apprentissage automatique

pour améliorer la santé publique.

Keywords Machine learning - Artificial intelligence - Public health - Population health - Risk factors - Non-communicable

diseases

Mots-clés Apprentissage automatique - Intelligence artificielle - Santé publique - Santé de la population - Facteurs de

risque - Maladies non transmissibles

Introduction

Non-communicable diseases (NCDs), such as cancer, diabe-
tes, and cardiovascular and chronic respiratory diseases, are
the leading cause of death worldwide, with a disproportion-
ately higher burden of mortality in low- and middle-income
countries (LMICs) (Murray, 2024). The key risk factors for
these NCDs include tobacco use, unhealthy eating, alcohol
consumption, physical inactivity, and psychological stress
(Glasgow & Schrecker, 2015). Managing risk factors is cru-
cial for the prevention of NCDs and is a key area for public
health action (Squires et al., 2023).

Artificial intelligence (AI) refers to the simulation of
human intelligence by machines and computer systems
(Davenport & Kalakota, 2019). It encompasses various
technologies designed to perform tasks typically requiring
human cognition, such as learning, reasoning, problem-solv-
ing, decision-making, and natural language understanding
(Norori et al., 2021). Machine learning (ML) is a subset of
Al that uses statistical techniques to enable computer sys-
tems to learn patterns and make predictions or decisions
without being explicitly programmed (Helm et al., 2020).
By analyzing and training on large datasets, ML models can
improve their performance over time (Purushotham et al.,
2018). In healthcare, ML is commonly applied in precision
medicine, while it predicts effective treatment protocols
based on patient characteristics and treatment contexts. ML
is increasingly being used in population and public health to
analyze large datasets, identify health trends, predict disease
outbreaks, and inform policy decisions for improving com-
munity health outcomes (Morgenstern et al., 2020).

However, ML can perpetuate algorithmic biases that
exacerbate health inequities along socioeconomic, racial,
ethnic, and gender lines (Buckeridge, 2020; Chen et al.,
2019; Practical guidance on artificial intelligence for health-
care data, (2019); Topol, 2019). In supervised learning,
which involves training an algorithm on labelled datasets
to classify data or predict outcomes, biases can enter the
model through incomplete training data (i.e., non-random
instances of absent points), leading to inaccurate predictions
for diverse populations. In unsupervised learning, which
detects underlying patterns using unlabelled data, biases can
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emerge from the data (i.e., insufficient representation of cer-
tain groups), reflecting underlying social biases against the
studied population (Benjamin, 2019; Gianfrancesco et al.,
2018; Rajkomar et al., 2018, 2019).

While ML has garnered attention for its applications
in clinical care, its potential to address public health chal-
lenges, particularly for NCD prevention, has been insuffi-
ciently explored (Mhasawade et al., 2021). Previous reviews
have primarily focused on disease prediction or on specific
ML methodologies, such as the application of ensemble
models for diabetes or high-dimensional feature selection in
cancer research. Our study takes a broader, population-level
perspective by concentrating on behavioural and psychoso-
cial risk factors for chronic diseases—tobacco use, alcohol
use, unhealthy eating, physical activity, and psychological
stress (Ganie et al., 2023; Zanella et al., 2022). While prior
work often emphasized technical advancements or the opti-
mization of model performance metrics, our review uniquely
integrates an analysis of the ethical considerations surround-
ing bias and the sociodemographic variables used (Alanazi,
2022; Mishra et al., 2020).

The definition of public health guides our focus in this
review as “the science and art of preventing disease, pro-
longing life, and promoting physical and mental health
through organized community efforts” (Winslow, 1920).This
perspective emphasizes population-level interventions and
strategies aimed at improving health outcomes across entire
communities rather than focusing on individual-level or clin-
ical care. While clinical applications are integral to overall
health systems, they align more closely with direct patient
care and treatment rather than the broader community-based
efforts central to public health. By concentrating on these
population-level approaches, we aim to provide insights that
support systemic changes and large-scale prevention efforts
consistent with the foundational principles of public health.
To address this, it is essential to synthesize evidence on the
use of ML in studying risk factors for NCDs. This includes
examining how algorithmic biases, such as those related to
socioeconomic or demographic inequities, are identified and
addressed during the development of ML models.

To address the limited application of ML in public health,
we conducted a scoping review to identify studies that
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utilize ML to examine risk factors for NCDs. Specifically,
we focused on common health behaviours associated with
chronic diseases, including tobacco use, unhealthy diets,
physical inactivity, alcohol consumption, and psychological
stress. In addition, we assessed whether and how algorithmic
biases—such as those related to socioeconomic, racial, or
gender inequities—manifest during the design, training, and
implementation of ML models and evaluated how develop-
ers addressed these biases.

Methods

Our protocol was published by the Open Science Framework
on December 23, 2021 (available at https://osf.io/czyte/).
Our reporting of this scoping review followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analy-
ses Extension for Scoping Reviews (PRISMA-ScR) (Tricco
et al., 2018).

Search methodology

We searched Medline (Ovid), Embase (Ovid), Cochrane
Central Register of Controlled Trials and Cochrane Data-
base of Systematic Reviews (Ovid), Scopus, ACM Digi-
tal Library, INSPEC, and Web of Science’s Science Cita-
tion Index, Social Sciences Citation Index, and Emerging
Sources Citation Index on December 23 and 24, 2021, for
the period 1946 to 2021. Additionally, a hand search was
performed in September of 2022.

An information specialist with Library Services, Unity
Health Toronto (CZ) searched using a combination of sub-
ject headings and keywords, translated for each database,
for the broad concepts of ML combined with risk factors
for chronic disease, which include smoking/vaping, alcohol
drinking, physical inactivity, unhealthy eating, or psycho-
logical stress. The Non-Communicable Disease Alliance
identified the aforementioned four behavioural risks as hav-
ing the greatest impact on the burden of disease on a global
scale (NCD Alliance, 2017). Additionally, we are including
psychological stress based on existing literature that rec-
ognizes it as a significant factor for NCDs, which can be
mitigated via population- and public health interventions
(Caruso et al., 2018; Harris et al., 2017; McEwen & Stellar,
1993; Steptoe & Kivimiki, 2012). The full search strategy
is available in Supplementary File 1.

Duplicates were removed through DistillerSR, and all
citations were then uploaded. Each citation was reviewed
by two people independently (MS and PC). Reviewers had
previous experience in the analysis of ML applications.
Any citations where there was a difference of opinion were
brought to the study team to discuss, and the principal inves-
tigator (ADP) decided on final inclusion or exclusion.

Eligibility criteria

Studies were included that used ML models applied in
population and public health, specifically regarding health
behaviours (smoking/vaping, alcohol drinking, physical
inactivity, unhealthy eating) and physiological stress. This
included population-wide approaches (fully implemented or
piloting for this purpose), even if delivered through clinical
settings (e.g., population-wide screening), as well as subsets
of the general population at specific points in the life course
(i.e., seniors, children). We included studies that discussed
ML models, specifically at the stages of model develop-
ment, model training, and model implementation. Model
development included defining the problem, identifying the
data required, preparing the data, and assigning some data
for training and some for validation (Rajkomar et al., 2019).
Model training included running data from the training data-
set through the model and comparing the model’s predicted
label with a “ground-truth” label (supervised) and updat-
ing the model parameters to make subsequent predictions
more correct or analyzing unlabelled data to identify groups
that have similar features (unsupervised machine learning)
(Rajkomar et al., 2019). Model implementation included
using the model on a validation dataset using parameters such
as accuracy, area under the receiver operator curve, sensitiv-
ity and specificity, and gain and lift (Rajkomar et al., 2019).
From a contextual standpoint, we included articles with a
global scope, without imposing country restrictions, focusing
specifically on ML models that incorporate data and address
algorithmic bias related to race, ethnicity, sex, gender, and
socioeconomic status.

We excluded studies that focused on individual-level or
clinical care applications of ML, as our focus was on popu-
lation-level applications. Additionally, we excluded studies
examining the etiology, progression, or complications of
diseases, as these domains fall outside the scope of broader
public health strategies. Domains not traditionally part of
public health systems, such as occupational health, were also
excluded to maintain our focus on general population-level
health issues. We further excluded studies targeting high-
risk groups or specialized medical settings (e.g., smokers
or hospital patients), as well as those limited to subsets of
the population defined by sociodemographic characteristics
other than age (e.g., ethnicity, sex). High-risk groups and
specialized settings often have unique health profiles and
intervention responses that may not reflect the experiences
of the general population, while studies focused on specific
sociodemographic subsets may introduce biases that could
obscure overall applicability. This approach helps ensure
that our analysis remains widely representative and relevant
to public health strategies and interventions. Finally, non-
peer-reviewed materials, including commentaries, editorials,
analyses, theses, and conference proceedings, were excluded
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to ensure the inclusion of high-quality, peer-reviewed
evidence.

Study selection and data collection process

The full text of each citation that met our criteria was
reviewed again by a single member of the study team (MS)
to ensure it fit our criteria and then proceeded to data extrac-
tion. One member of the study team assisted with data extrac-
tion (MS). We developed and used a data extraction table to
collect and summarize data from each article (Table 1). We
collected data on title, journal, year, ML application type,
intended purpose, study design, research question(s), inter-
vention, results, jurisdiction, data source, units of analysis,
sample size, demographics, identification of any potential
bias in the ML model, algorithmic (biases related to gender,
sex, ethnicity, socioeconomic status, and LMIC transferabil-
ity), potential bias mitigation strategies, risk factor studied,
target population and setting, intended users, and impact. If
information was not available from an article, its authors were
contacted through email to clarify any points. To synthesize
our findings, we performed a narrative synthesis. This scoping
review aimed to identify and describe patterns in how biases
are introduced and mitigated in ML studies (Popay et al.,
2006). Given this focus on synthesizing descriptive patterns
rather than critically appraising methodological rigour, as in a
systematic review, a comprehensive quality assessment across
all domains of ML studies was not deemed necessary (Mak
& Thomas, 2022).

Algorithmic bias identification

In the context of this scoping review, algorithmic bias is
defined according to Panch et al. as: “the instances when
the application of an algorithm compounds existing inequi-
ties in socioeconomic status, race, ethnic background, reli-
gion, gender, disability or sexual orientation to amplify them
and adversely impact disparities in health systems” (Panch
et al., 2019). We assessed studies to identify biases related
to gender, sex, ethnicity, socioeconomic status, and LMIC
transferability. As specified by Panch et al., for ML models
to achieve accuracy, fairness, and equity, it is imperative to
account for contextual factors such as geopolitical, economic,
and cultural influences (Panch et al., 2019). These factors play
a critical role in shaping the datasets used for model training
and directly influence the outcomes of ML systems (Mitter-
maier et al., 2023a). Neglecting these dimensions can result
in models that perpetuate existing biases, reinforce inequities,
and fail to address the needs of underrepresented populations
(Howard & Borenstein, 2018). For example, health systems
across the world vary significantly in their design, resources,
and patient demographics, with diverse socioeconomic and
cultural contexts influencing health outcomes (Panch et al.,
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2019). By integrating these contextual elements, AI models
can better represent the populations they aim to serve, ensur-
ing that predictions and decisions are both inclusive and rel-
evant (Panch et al., 2019). This approach not only enhances
the ethical and practical application of Al but also strength-
ens its potential to reduce disparities and promote equity in
health systems and beyond (Howard & Borenstein, 2018).To
ensure robust and equitable model development, it is essen-
tial to utilize datasets that include individuals from diverse
socioeconomic backgrounds, cultural contexts, and genetic
profiles (Panch et al., 2019). Consequently, biases related to
gender, sex, ethnicity, and socioeconomic status were specifi-
cally analyzed to determine whether studies acknowledged
the underrepresentation of certain groups in datasets and the
disproportionate frequency with which they are sampled.
Additionally, the transferability of findings to LMICs was
evaluated to assess the broader applicability of the models.

Results

In total, 10,329 citations were identified through the search
(Fig. 1). After title and abstract screening, 125 articles were
selected for full-text review, resulting in 20 articles being
included in the final analysis. The articles explored various
risk factors for NCDs, with the distribution of risk factors as
follows: smoking/vaping (n=9, 45%) (Ali et al., 2022; Allem
etal., 2017; Atuegwu et al., 2020, 2021; Bae et al., 2021; Cac-
camisi et al., 2020; Han et al., 2021; Young-Wolff et al., 2017),
alcohol use (n= 5, 25%) (Afzali et al., 2019; Amialchuk et al.,
2021; Aschbacher et al., 2021; Bonnell et al., 2020; Raghu-
pathi & Raghupathi, 2017), physical inactivity (n= 3, 15%)
(Allahbakhshi et al., 2021; Judice et al., 2021; Nakandala et al.,
2021), psychological stress (n= 2, 10%) (Al-Jebrni et al., 2020;
Dadi et al., 2021), and unhealthy eating (n= 1, 5%) (Oku et al.,
2019). The included articles described associative models
(16/20, 80%) and predictive models (4/20, 20%).

The primary reasons for exclusion included studies that
referenced a risk factor of interest but did not focus explic-
itly on analyzing the factor itself. For instance, some stud-
ies assessed smoking or alcohol use within broader models
addressing cardiovascular disease risk (Drozdz et al., 2022;
Foldyna et al., 2024; Peng et al., 2023). Other articles were
not conducted with a population-level focus and were devel-
oped for a specific clinical setting (Alowais et al., 2023). All
research papers were published between 2017 and 2022. For
characteristics of included studies, see Table 1.

Countries represented

Source countries for the studies in this review included the
United States (n= 10, 50%) (Allem et al., 2017; Amialchuk
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etal., 2021; Atuegwu et al., 2020, 2021; Bonnell et al., 2020;
Fu et al., 2022; Han et al., 2021; Nakandala et al., 2021;
Raghupathi & Raghupathi, 2017; Young-Wollff et al., 2017),
Australia (n= 1, 5%) (Ali et al., 2022), the United Kingdom
(n=1,5%) (Dadi et al., 2021), Korea (n= 1, 5%) (Bae et al.,
2021), Sweden (n= 1, 5%) (Caccamisi et al., 2020), Portu-
gal (n=1, 5%) (Jadice et al., 2021), and Brazil (n= 1, 5%)
(Oku et al., 2019). Three studies were conducted in multiple
countries (n= 3, 15%) (Afzali et al., 2019; Al-Jebrni et al.,
2020; Aschbacher et al., 2021) and one study’s location was
unspecified (n= 1, 5%) (Allahbakhshi et al., 2021).

Machine learning applications

The studies employed a wide range of ML methods, includ-
ing deep neural networks, gradient-boosted ML, random for-
est, Gephi visualization algorithm, ensemble tree algorithm,
Boruta, least absolute shrinkage and selection operator, natu-
ral language processing, support vector machine sequential
minimal optimization, logistic regression, decision tree, con-
volutional neural network, multilayer perceptron feed-forward
neural network, and support vector machine. Included studies
were categorized by intended purpose: surveillance (n= 2,
10%) (Al-Jebrni et al., 2020; Allem et al., 2017), predicting
disease incidence in the population (n= 0), predicting risk
in the population (n= 14, 70%) (Ali et al., 2022; Amialchuk
et al., 2021; Aschbacher et al., 2021; Atuegwu et al., 2020,
2021; Bonnell et al., 2020; Caccamisi et al., 2020; Dadi et al.,
2021; Fu et al., 2022; Han et al., 2021; Jadice et al., 2021; Oku
et al., 2019; Raghupathi & Raghupathi, 2017; Young-Wolff
et al., 2017), evaluating effectiveness of an intervention (n= 3,
15%) (Allahbakhshi et al., 2021; Bae et al., 2021; Nakandala
et al., 2021), or a comparison of models/approaches (n=1,
5%) (Afzali et al., 2019). For instance, Atuegwu et al. used ML
models on data from the Behavioral Risk Factor Surveillance
System, which included 79,539 participants, to identify factors
associated with e-cigarette use, showcasing the potential of
ML in large-scale risk prediction (Atuegwu et al., 2020, 2021).

Data sources

The study populations demonstrated considerable variation.
Five studies specifically targeted adolescents, leveraging
data collected through school-based surveys. Among these,
the Canadian Co-Venture cohort examined the effective-
ness of drug and alcohol prevention programs in adoles-
cents (Afzali et al., 2019; Amialchuk et al., 2021; Fu et al.,
2022; Han et al., 2021; Oku et al., 2019). Additionally,
national study cohorts were prominently represented, with
data sourced from the UK Biobank, the National Longitu-
dinal Study of Adolescent to Adult Health, the Behavioral

@ Springer

Risk Factor Surveillance System, and the National Health
and Nutrition Examination Survey (Amialchuk et al., 2021;
Atuegwu et al., 2020, 2021; Bonnell et al., 2020; Dadi et al.,
2021). One study utilized electronic health records from the
Kaiser Permanente medical system to evaluate relevant out-
comes (Young-Wolff et al., 2017).

Strategies used to identify and mitigate algorithmic bias

Algorithmic bias was addressed in nine (45%) of the
included studies. However, these discussions were gener-
ally superficial and focused on recall and misclassification
bias, often failing to consider algorithmic bias as a rationale
for specific model training, development, or implementa-
tion decisions. The remaining studies focused on mitigating
traditional biases, such as misclassification, recall bias, and
non-response bias (Young-Wollff et al., 2017).

For instance, Afzali et al. (2019) reduced recall bias by
utilizing longitudinal data from the Canadian Co-Venture
cohort. This approach involved repeated measures of alco-
hol use among adolescents, thereby minimizing reliance
on retrospective self-reporting. Similarly, Han et al. (2021)
addressed misclassification bias through a rigorous data
validation process that ensured e-cigarette use categories
were accurately defined and consistently applied across their
dataset. Nakandala et al. (2021) mitigated non-response bias
by employing data imputation techniques, allowing for the
inclusion of incomplete data from physical activity datasets
to maintain representativeness.

Some studies adopted innovative strategies that indirectly
minimized potential bias by examining how health behaviours
are influenced by interpersonal factors and the built environ-
ment. For example, Fu et al. emphasized the importance of
recognizing intersectionality—the interplay of multiple soci-
odemographic factors—in influencing the risk of frequent
vaping. The study incorporated nine variables, including
age, gender, race/ethnicity, neighbourhood characteristics
(e.g., median household income, high school graduation
rates, unemployment rates), school-related variables (e.g.,
percentage of free or reduced-cost lunch recipients), and per-
ceived discrimination. Fu et al. found a strong relationship
between perceived discrimination and frequent vaping, with
the likelihood of vaping increasing alongside experiences of
discrimination across all ages. They also identified a particu-
larly high-risk subgroup: students younger than their class-
mates who reported moderate to high levels of discrimination.
This study highlights the value of including and pairing soci-
odemographic variables in ML models to identify vulnerable
subgroups and tailor interventions effectively.

Additionally, Judice et al. applied a socioecological model
to assess physical inactivity by simultaneously analyzing
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Fig.1 PRISMA flow diagram
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ering correlates such as neighbourhood connectivity, safety,
and living with two parents. The authors underscored the
complexity of interpreting these factors, noting, for example,
that higher income may reduce sedentary time overall but
could also lead to increased sedentary behaviours, like watch-
ing television in bedrooms. While this study provided valu-
able insights into the socioecological predictors of physical
activity, it did not explicitly address how systemic inequities
might perpetuate differences in these behaviours.

The quality of data used in ML models remains a criti-
cal concern in mitigating bias, as models are trained on
and rely heavily on dataset integrity. However, none of
the studies appraised the quality of their data or explicitly
discussed dataset limitations, such as the underrepresenta-
tion of specific groups. This gap may reflect the relative
infancy of ML applications in population and public health.
Correspondence with investigators and an analysis of bias
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considerations in these studies revealed that the inclusion
of sociodemographic variables primarily aimed to enhance
overall model performance through a “big data” approach
rather than explicitly addressing algorithmic bias. Conse-
quently, little to no discussion was provided on how algo-
rithmic bias might influence model results or health equity
outcomes (Judice et al., 2021).

Data quality is critical in mitigating bias, as ML mod-
els inherently depend on the datasets used for training
and development. However, none of the included studies
thoroughly appraised dataset quality or discussed poten-
tial limitations, such as the underrepresentation of certain
demographic groups. This lack of focus on data quality may
reflect the relative infancy of ML applications in popula-
tion and public health, where considerations of equity and
inclusivity are still emerging as priorities. Addressing these
gaps requires a deliberate focus on data quality and repre-
sentativeness to ensure that ML applications in public health
can achieve equitable and reliable outcomes.
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Low- and middle-income country transferability

Nearly all the included studies originated from higher-income
countries, with no substantive discussion of the potential for
positive transferability of findings across high-income and
low- and middle-income countries. This lack of consideration
for LMIC applicability reflects a broader issue distinct from
the typical analysis of bias: the need to account for cultural
nuances and regional contexts in model development.

For example, Oku et al. (2019) leveraged data from the
Brazilian National Student Health Survey (n= 102,301) to
explore confounders in adolescent health, including unhealthy
eating behaviours. The study included a culturally specific
variable—"‘brushing teeth more than four times a day”—as a
proxy for high self-care standards, reflecting a uniquely Latin
American perspective on oral health. This variable emerged
as the second-ranked predictor of adolescent health and was
associated with broader health-related behaviours, such as
eating habits. These findings underscore the importance of
integrating culturally relevant variables into ML models to
enhance their accuracy and applicability in diverse settings.

Furthermore, the study highlighted the complexity of
LMIC contexts by analyzing regional variations within
Brazil, dividing the dataset into five geopolitical regions.
These regions exhibited distinct sociodemographic char-
acteristics and were influenced by factors such as climate
and natural resources. This approach emphasized the het-
erogeneity within LMICs and the challenges it poses for
developing transferable ML models. Addressing these chal-
lenges requires careful consideration of cultural and regional
factors during model design to ensure their relevance and
effectiveness across diverse populations (Oku et al., 2019).

Language variations presented significant challenges for
model training and development, particularly in terms of
LMIC transferability. Bae et al. (2021) explored these chal-
lenges in their study on the classification of smoking status
using bilingual electronic health records (EHRs). The authors
highlighted that natural language processing (NLP) models
designed for English benefit from the use of white spaces to
define word boundaries, facilitating word tokenization and data
extraction. However, in languages like Korean, the lack of clear
word delimiting rules complicates tokenization, necessitating
the development of entirely different NLP methodologies.

To address this, Bae et al. proposed an extraction algo-
rithm specifically tailored for non-English-speaking coun-
tries. Their algorithm successfully classified smoking sta-
tus from Korean EHRs, demonstrating that context-specific
adaptations are critical for improving ML model transfer-
ability to linguistically diverse regions. This study under-
scores the importance of developing NLP approaches that
account for linguistic and structural differences to enhance
the global applicability of ML technologies in public health.
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Discussion

This scoping review examined the application of ML in iden-
tifying risk factors for NCDs. It explored whether and how
biases were addressed during model development and imple-
mentation. Among the 20 included studies, we observed a pre-
dominant focus on high-income countries, limited discussion
of algorithmic bias, and insufficient attention to the applicabil-
ity of ML models in LMICs. By addressing multiple NCD risk
factors—such as smoking, alcohol use, physical inactivity, psy-
chological stress, and unhealthy eating—this review provides
a broader synthesis than previous reviews, offering a compre-
hensive perspective on ML applications in public health.

Several prior reviews have explored ML applications in
related domains, offering valuable context and alignment with
this study. For example, Mittermaier et al. (2023a, b) discussed
biases in Al-based models for medical applications, emphasiz-
ing challenges such as data underrepresentation, algorithmic
bias, and the need for nuanced mitigation strategies (Mitter-
maier et al., 2023b). Similarly, our findings reinforce these
concerns, as many studies in our review superficially addressed
bias, focusing primarily on traditional issues like recall and
misclassification biases, while failing to discuss elements such
as imbalances in data collection, which may be associated
with algorithmic bias. This gap in addressing algorithmic bias
reflects a broader trend noted by Mittermaier et al., who argued
that failing to confront these issues can exacerbate existing
health inequities (Mittermaier et al., 2023a).

However, our review diverges from Mittermaier et al.
(2023a) by focusing on public health and population-level
applications rather than clinical or patient-centered contexts.
For example, Mittermaier et al. (2023a) emphasized bias
mitigation in diagnostic and treatment models, whereas our
review considers broader applications, such as ML’s ability to
model social determinants of health. This distinction is par-
ticularly evident in studies like that of Fu et al. (2022), which
employed intersectionality frameworks to identify subgroups
at heightened risk of vaping due to overlapping sociodemo-
graphic factors, such as perceived discrimination and income
disparities. Unlike Mittermaier et al. (2023a, b), we explore
how these population-level insights can guide targeted inter-
ventions and inform public health policy.

Furthermore, while Mittermaier et al. (2023a) highlighted
the importance of tailoring ML models to the populations
they serve, their review did not emphasize the role of cul-
tural relevance in model development. Our review extends
this discussion by incorporating studies like that of Oku
et al. (2019), which used culturally specific variables—such
as tooth brushing frequency as a proxy for self-care—to
enhance the applicability of ML models in Brazilian ado-
lescent populations. By examining such culturally informed
approaches, our review highlights the potential for ML to
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address public health challenges in LMICs, a focus that was
underexplored in Mittermaier et al.’s work.

Opverall, while both reviews underscore the critical need
to address bias in ML models, our review broadens the con-
versation by emphasizing population-level applications, the
inclusion of culturally specific variables, and the importance
of equitable model development across diverse public health
contexts. This broader scope complements the clinical focus
of Mittermaier et al., collectively contributing to a more
comprehensive understanding of how ML can be leveraged
to address global health disparities.

Strengths and limitations

A key strength of this review is its comprehensive scope, encom-
passing multiple NCD risk factors and exploring ML applications
across varied public health domains. Unlike previous reviews that
focus on specific risk factors or domains—such as those of Fu
et al. (2023) on tobacco or Myrna Hurtado et al. (2022) on alco-
hol use—our review bridges multiple health behaviours, offering
a more integrated perspective (Fu et al., 2023; Myrna Hurtado
et al., 2022). Additionally, by including studies like that of Oku
etal. (2019), which tailored ML applications to cultural contexts,
this review underscores the potential for ML to adapt to diverse
health systems and populations (Oku et al., 2019).

However, limitations exist. The overrepresentation of high-
income countries (90% of included studies) limits the gener-
alizability of findings to LMICs. Discussions of bias in the
included studies were often limited to traditional biases, such
as misclassification and recall bias, with little attention given to
algorithmic bias. Furthermore, the exclusion of gray literature
and non-English studies may have constrained the diversity
of the included research. A final limitation of this review is
the exclusion of studies targeting high-risk groups, special-
ized medical settings, and subsets of the population defined
by sociodemographic characteristics other than age. While this
approach was intended to enhance the generalizability of find-
ings to the broader population, it may have overlooked critical
insights about interventions in these specific subgroups. For
instance, high-risk populations such as smokers or hospital
patients, as well as individuals defined by characteristics like
ethnicity or sex, may experience unique health needs or inter-
vention outcomes that differ significantly from the general pop-
ulation (Afrifa-Yamoah et al., 2024). Future research should
address these gaps by exploring intervention effectiveness in
these specialized populations to provide a more comprehensive
understanding of public health strategies.

Directions for future research

Future research should focus on addressing algorithmic
bias by integrating frameworks like intersectionality, as

demonstrated by Fu et al. (2022), to identify and mitigate
inequities. Expanding datasets to include underrepresented
populations, particularly in LMICs, is critical to enhancing
the equity and applicability of models within unique cultural
and social contexts. Kupek and Liberali (2024) emphasized
the value of culturally specific health indicators, a principle
that should guide future ML applications in global health
(Kupek & Liberali, 2024).

Collaboration between high-income country and LMIC
researchers is essential to ensure locally relevant model
development. Tailored natural language processing meth-
ods, such as Bae et al.’s bilingual EHR algorithm, could
further enhance ML’s adaptability across linguistic and cul-
tural contexts. Additionally, longitudinal studies assessing
the long-term effectiveness of ML-driven interventions on
NCD outcomes would provide crucial insights into their
real-world impact.

Conclusion

This scoping review underscores ML'’s transformative poten-
tial in advancing public health by predicting risk factors,
tailoring interventions, and informing policies for NCD
prevention. For example, Jadice et al.’s socioecological
approach to physical inactivity demonstrates how ML can
integrate individual, social, and environmental factors to
guide interventions. Similarly, Amialchuk et al.’s analysis
of adolescent alcohol use highlights ML’s role in shaping
prevention strategies.

To maximize its impact, ML must address issues of bias,
data quality, and cultural relevance, ensuring that models are
equitable. Policymakers and public health practitioners can
leverage these findings to advocate for ethical and inclusive
ML practices, ultimately fostering advancements in global
health equity and reducing disparities.
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