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Abstract

While the Global South is experiencing rapid urbanization, non-communicable diseases (NCDs) are becoming the
main health issue. At the same time, the availability of mobile connectivity is causing urban adolescents to be
subtly marketed towards new nicotine products and carcinogenic substances. Since traditional surveillance
methods, which depend on repeated cross-sectional surveys, are not appropriate for tracking these algorithmically
driven behavioural changes, this article suggests that digital epidemiology and infodemiology should be introduced
into the health systems of low- and middle-income countries. By using longitudinal search interest data together
with machine learning (ML) classifiers such as Random Forest and supervised analysis, municipal authorities will be
able to identify the hidden pathways of digital promotion, predict adolescent engagement, and determine disease
risk patterns. We provide a practical plan for municipal health departments, and at the same time examine the
methodological limitations of search data and the key ethical problems relating to data colonialism and algorithmic
bias. Moving from a reactive approach based on clinical monitoring to one that makes use of Al for public health
surveillance can help to protect adolescent populations and advance health equity in areas that are rapidly

urbanizing.
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The Changing Urban Health Landscape in the Global South

Urban centres in the Global South are experiencing extremely rapid urbanisation and digital change. In the past,
public health systems in low- and middle-income countries (LMICs) had been set up with a focus on controlling
infectious diseases and had been tailored to deal with sanitation and maternal health (Rossier et al., 2014). Today,
these systems are facing a double challenge since non-communicable diseases (NCDs), such as cardiovascular
diseases, metabolic syndromes and oral or head-and-neck cancers, have become the main features of the disease
patterns (Galea & Vlahov, 2005; Mocumbi et al., 2019). The World Health Organization (2021) states that NCDs are
responsible for more than 70% of all deaths before people reach old age, and nearly 85% of these deaths which are
preventable take place in developing economies. The main causes are fundamental changes in the health of
adolescents brought about by unregulated commercial environments (Kickbusch et al., 2016). The quick fall in the
price of mobile data, together with the widespread availability of cheap smartphones, has meant that urban
adolescents are now in constant contact with digital platforms. Companies that are promoting new nicotine
products, electronic nicotine delivery systems (ENDS), novel smokeless tobacco and ultra-processed food items

have redirected their advertising efforts from traditional broadcasting media to decentralised digital environments



(Soneji et al., 2018). Recent global surveys of young people show that a large number of urban adolescents in
middle-income countries are regularly seeing promotional material about nicotine on social networks (Camenga et
al., 2018; Vassey et al., 2025). These companies often avoid breaking national advertising bans by using
partnerships with influencers, peer-to-peer distribution and algorithmic micro-targeting (Hoang, 2023; World Health
Organization, 2021). Since these marketing activities take place silently on encrypted or temporary digital
platforms, they lead to early experimentation, the start of use and the development of dependence among urban

youth long before the health effects of this become evident clinically.

The Surveillance Blindspot in Conventional Public Health

Health systems at the municipal level in the Global South encounter a fundamental and operational problem in that
they cannot keep up with algorithmic marketing. Traditional methods of health surveillance place great emphasis
on periodic national family health surveys, paper questionnaires administered in schools and hospital discharge
records. Although these tools offer rigorous and highly validated demographic baseline data, they are essentially
retrospective and require a lot of resources, with several years typically passing between the first collection of the
data, the statistical analysis and the following implementation of policy (Eysenbach, 2009; Ganasegeran et al.,
2025). If a typical cross-sectional survey finds a statistically significant rise in the use of tobacco or nicotine among
adolescents in a particular urban area, then the commercial factors responsible for this behaviour have already
become firmly established in the community. Moreover, since conventional survey methods are unable to properly
record the informal and decentralised digital channels that are influencing current adolescent peer norms,
adolescents tend to underreport their exposure to online marketing or their use of new smokeless products when
they are surveyed in formal school settings (Camenga et al., 2018). This delay together with the tendency to
underreport results in a gap in surveillance which causes municipal health authorities to have to take reactive

measures against quickly changing consumption patterns driven by algorithms.

Infodemiology and Machine Learning as Policy Tools

In order to overcome this important delay in information, urban health governance should include infodemiology,
which is the study of monitoring web queries, metadata and online interactions in order to dynamically evaluate
trends in population health. Real-time insights into public awareness, product uptake and local spikes in behaviour
can be obtained by examining search volumes over time (Mavragani & Ochoa, 2019). This passive search analytics
method is supplemented by supervised machine learning (ML) techniques, which add an important predictive ability
to public health management. Algorithms of this type, for example the Random Forest classifier, are specially
designed to analyse complex, non-linear interactions among a large number of demographic and socio-behavioural
data items without suffering from the same degree of overfitting as simple regression models (Breiman, 2001; Shi
et al., 2022). The ML models are able to accurately detect the exact risk factors that predict youth susceptibility to
digital marketing by taking into account a variety of variables such as local search intensity, digital peer
engagement measures, the demographics of school districts and patterns of online content consumption (Choi et
al., 2021; Fu et al., 2022). Instead of having to wait many years for the effects of a disease to appear, local
authorities can make use of this kind of computational modelling to predict consumption trends and take proactive

steps to identify vulnerable urban sub-populations (Singh et al., 2023).



Methodological Limitations of Digital Surveillance

It is essential to recognise that infodemiological data is greatly influenced by the proprietary algorithms of search
engines and social media platforms (Rovetta, 2024). In the case of low- and middle-income countries, services such
as Google Trends suffer from considerable methodological limitations, particularly due to language diversity and the
use of local dialects, which can cause the search volume data to be fragmented (Alibudbud, 2023; Nuti et al., 2014).
Moreover, since internet access is incomplete in peri-urban or informal areas, infodemiological data tends to reflect
mainly the behaviours of more affluent and better-connected groups, thereby risking the systematic
underrepresentation of highly vulnerable populations (Nuti et al., 2014). Predictive machine learning models that
are trained on this type of digital data are likely to pick up on these biases and could result in incorrect allocation of

resources if they are not continually adjusted against actual clinical data (Shi et al., 2022).

Ethical Imperatives and Governance Complexities

Introducing artificial intelligence into urban health systems presents municipal governments with great ethical and
regulatory complexities which they have to deal with. In the first place, there are concerns about data privacy and
whether young people give their consent when their online behaviour is automatically tracked. In order to maintain
ethical standards, local government frameworks should use only aggregated, anonymised open-source metadata
and must avoid collecting identifiable data (Ali et al., 2019). Second, when Al is deployed in the Global South it is
necessary to prevent “data colonialism”, which is the situation where multinational technology companies take
digital health data from populations in low- and middle-income countries without providing any local and equitable
public health benefits (Flores et al., 2023). Third, there is a great risk of “function creep”, that is, the scenario in
which surveillance systems which were set up for public health purposes are later put to use by state or local
authorities for the punitive monitoring of marginalised young people (Rennie et al., 2023; Sergeant, 2025). In the
end, local city governments have only limited authority over cross-border digital platforms that are hosted
internationally. If they are to regulate algorithmic marketing, they will have to create new legal frameworks and
enter into unprecedented data-sharing agreements with multinational technology companies, a procedure involving

considerable geopolitical and commercial friction.

A Strategic Roadmap for Municipal Urban Governance

In order to apply digital epidemiology in urban areas with limited resources, we suggest a four-stage logic model

(Figure 1) which links decentralised digital inputs to practical municipal governance.

Figure 1: Operational Logic Model for Al-Driven Municipal Health Surveillance



Phase 1: Decentralized Data Aggregation

Real-Time Search Trends e.g., Google Socio-Behavioral Indicators & Localized
Trends, Social Listening Platform Exposure Data

Phase 2: Algorithmic Processing & Calibration

Random Forest Classification for Non- Continuous Calibration against Ground-
Linear Risk Stratification Truth Clinic Data (Bias Mitigation)

Phase 3: Municipal Intelligence Translation

Integration into Real-Time Urban Health Cross-Jurisdictional Data Sharing with
Dashboards National Regulators

Phase 4: Targeted Health Interventions

School-District Level Preventive Proactive Digital Advertising
Outreach (Resource Optimization) Enforcement Initiative

Executing this framework requires structured, interdisciplinary policy action:

1. Local public health departments should incorporate open-source infodemiology tracking alongside their

conventional, clinic-based disease registries into the urban disease control rooms (Ganasegeran et al., 2025).

2. Municipal health directorates and academic public health institutions should work together to apply validated
predictive algorithms to local data in order to guide preventive campaigns that are targeted at schools in areas

identified as high risk.

3. Municipal authorities should work with the national regulatory agencies in order to keep an eye on and impose
penalties on algorithmic marketing of new nicotine products, eliminating the jurisdictional loopholes which

businesses have exploited.

The training in the field of public health should include in its primary prevention courses data science, machine
learning literacy, and digital ethics, such as those found in health sciences curricula, for example in public health
dentistry, community medicine and nursing, so as to prepare practitioners for the governance of public health

through algorithms. The combination of fast urbanization and a deep level of digital access bring with it both



opportunities and risks for health governance in the Global South. If municipal authorities continue to depend only
on outdated, backward-looking survey methods, then their preventive policies will always fall behind commercial
digital marketing and changes in adolescent behaviour. However, by introducing infodemiological surveillance and
artificial intelligence into urban health systems and by taking care to avoid ethical problems and algorithmic bias,
local authorities can move from a reactive approach involving clinical monitoring to one that is proactive and based

on real-time disease prevention, thus safeguarding adolescent populations and advancing health equity.
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