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ABSTRACT: The artisanal and small-scale mining (ASM) sector in the Democratic Republic of Congo (DRC) supplies 
15–20% of global cobalt but relies on child labor in hazardous conditions. As cobalt is essential for batteries in electric vehicles 
and digital devices, addressing child labor in ASM operations represents a critical ethical and human rights challenge. Effective 
forecasting of such risks and associated mitigation strategies is vital to ensuring ethical and sustainable supply chains. At present, 
forecasting depends largely on human experts through NGO reports, government inspections, and corporate audits. This reliance 
introduces major limitations, including bias, data scarcity, inconsistency, and limited scalability. Consequently, high-risk regions are 
frequently overlooked, and interventions are delayed. This paper reviews these shortcomings and identifies ten structural drivers 
of child labor in cobalt ASM. It advocates a shift from reactive documentation to proactive prevention through the integration 
of data-driven forecasting methods. Proposed solutions include AI-supported analysis of satellite imagery, socio-economic 
indicators, governance data, and community reports, together with targeted interventions such as conditional cash transfers, 
mobile classrooms, blockchain traceability, and IoT-enabled monitoring. By improving forecasting accuracy and transparency, this 
work contributes to more effective child protection and the advancement of ethical, sustainable cobalt supply chains. This article 
presents a conceptual design framework rather than an empirically validated system. The proposed AI forecasting architecture is a 
structured model intended to guide future implementation and pilot testing, not a deployed or field-validated system.  
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�   Introduction
The Democratic Republic of Congo (DRC) depends on 

artisanal and small-scale mining (ASM) operations to supply 
most of the world's cobalt.1 The essential component, cobalt, 
enables the operation of rechargeable batteries, which power 
electric vehicles, smartphones, and renewable energy systems. 
The DRC generates 70% of worldwide cobalt output, and 
ASM operations generate between 15% and 20% of this total 
amount.2 The rapid growth of ASM operations in the DRC 
has created multiple severe problems for local communities be-
cause of increasing cobalt market demand from clean energy 
initiatives.

Thousands of children work in dangerous conditions at 
hazardous ASM sites located in the southern region of the 
DRC. The total number of cobalt miners reaches 255,000, yet 
40,000 of them are under 18 years old, and some children start 
working at the age of six.3 The workforce of several districts 
contains between 30% and 70% of children under the age of 
18.4,5 The use of child labor in cobalt mining has become a 
worldwide issue because "green" technology production relies 
on supply chains that contain child exploitation. Reports by the 
ILO and UNICEF confirm that tens of thousands of children 
working in ASM cobalt mines indirectly contribute to global 
electric vehicle and battery supply chains,6,7 underscoring the 
ethical risks tied to the clean energy transition. Estimates of 
child labor prevalence in cobalt ASM vary considerably across 
sources due to methodological differences, informal site mo-

bility, and limited access to remote regions. Reported figures 
should therefore be interpreted as ranges rather than precise 
counts. Media investigations, NGO reports, and institutional 
datasets often rely on sampling or extrapolation methods, and 
uncertainties remain significant. Where possible, this paper tri-
angulates institutional, peer-reviewed, and advocacy datasets to 
reduce source-specific bias.

Major technology companies, including Apple, Google, 
Dell, Microsoft, and Tesla, face legal challenges and damage to 
their reputation because of child labor exposure in cobalt sup-
ply chains. The London Metal Exchange, through its sourcing 
policies and Cobalt for Development program, has launched 
industry reforms, yet these efforts have shown minimal suc-
cess.8 The combination of poverty levels, dangerous workplace 
conditions, corrupt practices, and inadequate governance sys-
tems maintains the practice of child exploitation. These factors 
do not operate independently but instead reinforce one another 
across economic, institutional, and global supply chain dimen-
sions. As shown in Figure 1, child labor in cobalt ASM emerges 
from a complex and interconnected network of drivers, includ-
ing poverty, weak governance, unsafe working conditions, and 
rising global cobalt demand. The figure highlights that these 
factors do not operate independently, but reinforce one another 
in feedback loops, explaining why isolated policy or corporate 
interventions have struggled to produce sustained reductions 
in child labor.
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The current monitoring systems that combine mine audits 
with NGO field reports and company self-assessments fail to 
detect unregulated sites because they focus on documented 
and accessible operations. These methods fail to address their 
main weakness, which stems from their dependence on expert 
opinions. The assessment methods, which include NGO eval-
uations and government inspections, and stakeholder meetings, 
face fundamental problems because they exhibit cognitive and 
confirmation bias, lack sufficient specialists who can reach 
distant areas and demonstrate subjective results that cannot 
be replicated, and show a preference for known locations. The 
current monitoring systems fail to detect new risks because 
their restricted scope creates blind spots, which prevent com-
plete risk assessment and future threat prediction. Given the 
interconnected structure of risk factors outlined in Figure 1, 
effective prevention requires a shift from reactive documenta-
tion toward proactive forecasting of child labor risks.

The research proposes an automated system that uses data 
to forecast when child labor will increase in ASM operations. 
The model uses Bayesian LSTM networks to combine satel-
lite imagery with socio-economic indicators, market data, and 
crowdsourced community reports for predicting child labor 
escalation in ASM operations. The system provides govern-
ments, companies, and NGOs with early warning capabilities 
to stop exploitation from worsening.

This research examines the moral obstacles of AI system 
implementation through its analysis of privacy concerns, pre-
diction precision, and community participation requirements. 
The research unites traditional local expertise with sophis-
ticated analytical methods to fill essential data gaps while 
enhancing supply chain visibility and protecting cobalt mining 
children. The research investigates three main questions about 
child labor in ASM operations: (1) the factors that maintain 
child labor in ASM, (2) the ability of data analytics to enhance 
current monitoring systems, and (3) the implementation of AI 
solutions for energy transition with ethical and operational 
considerations.

This paper, therefore, combines elements of a scoping review 
with a conceptual systems-design proposal. It does not present 
a field-tested forecasting tool, but rather outlines a theoreti-
cally grounded and ethically framed architecture intended to 
inform future empirical validation. All technical models and 
dashboard outputs discussed should be interpreted as pro-
posed components within a conceptual framework.

Main Challenges in Cobalt ASM and Child Labor:
The Democratic Republic of Congo (DRC) ASM cobalt 

mining sector continues to employ child laborers because var-
ious interconnected factors, including economic needs, weak 
governance, dangerous working conditions, supply chain 
problems, and structural barriers, exist. The multiple factors 
support one another, so improvements in one area generally 
depend on advancements in other areas. Ten significant factors 
that maintain child labor in this sector are explained through 
this document, together with an evaluation of forecasting and 
technological solutions to address them.

Widespread Artisanal and Small-Scale Mining (ASM):
The artisanal small-scale mining (ASM) sector controls the 

majority of the DRC cobalt industry, yet it proves exception-
ally challenging to monitor. ASM operations that generate 
income for hundreds of thousands operate independently from 
official structures without registering with state authorities.9 
This lack of oversight allows child labor to continue through 
activities including digging and hauling, as well as washing 
and sorting cobalt ore. The nomadic behavior of mining com-
munities prevents successful interventions because they move 
their operations after discovering more valuable deposits while 
abandoning the infrastructure created by NGOs. The iden-
tification of emerging mining sites through satellite imagery 
and drone surveys serves as a crucial element for real-time 
monitoring, which would decrease the gap between regulatory 
responses and actual events on the ground.

Poverty and Lack of Education:
The main factor that drives child labor in cobalt ASM op-

erations is poverty. The earnings of families who operate in 
ASM mining activities increase substantially when children 
participate in mining activities.12 Free primary education 
remains a government policy, yet families must still pay for 
uniforms and exam fees, which creates a financial obstacle.13 
The educational facilities in rural areas suffer from inadequate 
buildings, insufficient power supply, and inadequate learning 
materials. Numerous studies have demonstrated a direct re-
lationship between poverty, lack of education, and child labor 
participation, particularly in low- and middle-income coun-
tries.6,14 The implementation of conditional cash transfers 
(CCTs), which require children to attend school effectively, 
decreases their labor participation according to studies from 
Brazil and Mexico. The combination of AI-based forecasting 
tools with such programs would help direct assistance to the 
communities facing the highest risk.

Weak Law Enforcement and Corruption:
Congolese law prohibits child labor in mining operations, 

but the enforcement of these laws remains ineffective.17 The 
labor inspectorates operate with insufficient funding and in-
adequate staff numbers, which makes them unable to monitor 
the extensive ASM sites.18 Official corruption makes the prob-
lem worse because mine operators have proven to pay officials 
for ignoring violations. The application of predictive analyt-
ics would help pinpoint areas where inspections are rare, even 
though abuse reports frequently occur, thus allowing authori-
ties to allocate resources more effectively.

Unsafe and Hazardous Working Conditions
Children working in ASM face dangerous conditions be-

cause they handle unsupported mine shafts, perform heavy 
manual work, and breathe toxic cobalt dust.19 These envi-
ronments proved fatal for 43 people when the Lualaba mine 
experienced a fatal accident in 2019. The continuous exposure 
to cobalt dust results in respiratory diseases, which affect chil-
dren more severely because their immune systems are not fully 
developed.20 The implementation of affordable IoT environ-
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mental sensors would allow for ongoing air quality monitoring, 
which would generate predictive data to detect hazardous situ-
ations that force children to work.

Complex Supply Chains and Traceability Gaps:
The cobalt supply chain remains unclear since it pass-

es through various middlemen before international buyers 
acquire the cobalt.21 The cobalt produced through ASM 
operations gets mixed with cobalt from industrial mines so 
that its source becomes indistinguishable, and accountabil-
ity becomes impossible to establish. The implementation of 
blockchain-based traceability in diamond supply chains exists, 
but its usage remains restricted for cobalt applications. The 
forecasting system should detect unusual patterns in supply 
chain data, including unverified cobalt spikes, because they in-
dicate potential child labor risks.22

Lack of Alternative Livelihoods:
The inhabitants of cobalt-rich areas have no realistic substi-

tute for mining activities. The dominant agricultural livelihood 
declined because of poor infrastructure maintenance, combined 
with market limitations and soil deterioration.23 Although mi-
cro-finance and vocational training demonstrate success in 
specific situations, mining maintains its strong position within 
local culture. Forecasting methods enable the identification of 
areas where economic diversification can occur so that child 
labor can be prevented during periods of cobalt price decline 
and agricultural market downturns.

Limited Corporate Oversight and Monitoring:
The cobalt sector shows inconsistent corporate due dili-

gence practices.24 Several businesses conduct thorough audits, 
but others depend solely on possibly false documents from 
suppliers. Third-party audits that pass vetting processes may 
still be vulnerable to corruption. The use of satellite and drone 
surveillance technology in monitoring systems enables inde-
pendent verification of production volumes and reveals hidden 
ASM activities, which enhances both oversight and predictive 
modeling capabilities.

Conflict and Political Instability:
Armed groups operating in Tanganyika and North Kivu 

provinces maintain control over mines, which they use to fund 
their ongoing military activities.25 Armed groups commonly 
force people to work through threats, including child soldier 
recruitment. Instability also prevents effective governance and 
inspection regimes. The integration of conflict indicators from 
databases such as ACLED into forecasting models enables the 
identification of high-risk regions, which leads to improved 
preparedness for humanitarian and law enforcement responses.

Consumer and Market Pressure:
The growing electric vehicle (EV) battery demand has 

raised cobalt prices while making them more volatile. The 
2018 cobalt price surge in Lualaba province led to an increase 
in ASM operations, which correlated with reports of child la-
bor growth. Forecasting models that track market indicators 

such as price trends and production forecasts help predict and 
reduce the possibility of child labor usage.26 It is important to 
distinguish between structural mechanisms and predictive in-
dicators. Market price spikes, school attendance declines, and 
satellite-detected site expansions function as statistical predic-
tors within the model; they do not independently cause child 
labor. Rather, they serve as observable signals correlated with 
underlying structural mechanisms such as poverty, governance 
weakness, and economic shocks. The framework, therefore, 
avoids causal claims unless supported by established identifi-
cation strategies and empirical validation. Evidence from social 
protection programs shows that such predictive interventions 
can yield measurable impacts: for instance, Mexico’s Progre-
sa/Oportunidades program reduced child labor by around 
7–9%,27 while Brazil’s Bolsa Família achieved reductions of 
nearly 14% in some regions.16 These precedents suggest that 
well-designed monitoring systems, combined with targeted 
policies, could likewise mitigate the rise of child labor in re-
sponse to cobalt price shocks.

Data Scarcity and Fragmentation:
The main difficulty stems from the combination of insuf-

ficient data availability and its fragmented state. The existing 
datasets contain missing information and outdated or incom-
patible data, which restricts the accuracy of monitoring systems 
and forecasting capabilities.14 A centralized database that pro-
vides complete access to governments, NGOs, and companies 
must be established. Stronger predictive modeling alongside 
more effective child labor risk responses becomes possible 
through enhanced data quality and better interoperability.

Limitations of Current Monitoring and Response Approach-
es:

Current mechanisms for child labor monitoring in DRC 
artisanal and small-scale cobalt mining (ASM) operations 
exist in fragmented forms, which reactively address the issue, 
yet their scope remains restricted. The existing shortcomings 
in these systems generate continuous knowledge deficiencies 
together with delayed responses, which lead to child labor de-
tection after children have already suffered major injuries. An 
effective child labor prevention strategy requires a complete 
understanding of these present limitations to establish a fore-
casting-based proactive system.

Reactive Rather Than Preventive:
The current system for addressing child labor exists only as a 

response to identified or exposed violations. The government, 
together with NGOs, takes action against child labor viola-
tions following confirmation of ongoing infractions through 
media reports or independent audits. The time delay between 
the start of hazardous work by children and the arrival of in-
tervention teams reaches multiple months to several years. 
The Amnesty International report from 2019 found evidence 
of child labor during the months following field research 
completion, thus reducing the effectiveness of the results.28 
Predictive methods would detect early warning signs, which 
include school enrollment decreases and rising market prices, 
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Absence of Predictive Capability:
The fundamental problem lies in the absence of predictive 

tools, which form the core limitation. The current monitoring 
approach generates static time-based snapshots instead of per-
forming dynamic assessments for risk evolution. Authorities 
need predictive modeling to understand how political instabil-
ity, together with economic shocks and environmental changes, 
will impact child labor patterns.32 The forecasting framework 
developed by Almahmoud et al. demonstrates how multiple 
data sources can transition cobalt ASM sector monitoring 
from documentation-focused reaction to prevention-based ac-
tion through its application in cyberattack risk prediction.

The existing monitoring and response systems have several 
critical limitations, including restricted geographic coverage, 
scattered data, delayed responses, weak enforcement pathways, 
and no predictive functionality. The existing deficiencies allow 
child labor to continue while strengthening the structural fac-
tors that support its recurring nature. The future success of the 
DRC’s cobalt ASM sector depends on developing monitoring 
systems that use data analytics for forecasting purposes to sup-
port prompt and effective interventions.31

AI Forecasting Framework for Child Labor in Cobalt ASM:
The prevention of child labor within artisanal and small-

scale mining operations of the Democratic Republic of Congo 
requires a transition from reactive monitoring toward anticipa-
tory risk forecasting. While traditional audit systems document 
violations after they occur, a multi-layered AI architecture en-
ables early identification of emerging hotspots by integrating 
heterogeneous data streams and generating probabilistic risk 
assessments.

To clarify the end-to-end structure of the proposed forecast-
ing system, Figure 3 presents a simplified system architecture 
diagram illustrating the flow of data from collection through 
fusion and predictive modeling to stakeholder-facing out-
puts. The diagram emphasizes how mitigation-generated data 
re-enter the system, reinforcing a continuous learning loop that 
enhances model calibration over time.

together with increased mining operations, so that violations 
can be prevented before their occurrence.

Narrow Geographic Coverage:
The accessibility and registration status of mining sites de-

termine the extent to which monitoring activities can occur. 
Remote areas, together with conflict zones, which demonstrate 
the highest child labor risks, do not receive proper monitoring 
because of transportation challenges and security risks. The 
Carter Center discovered that official government inspectors 
had never inspected more than half of all active ASM sites 
in certain provinces, indicating a major monitoring deficien-
cy.29 The solution demands the fusion of satellite imaging with 
drone surveys and artificial intelligence mapping systems that 
can deliver instant monitoring data for inaccessible areas.

Fragmented Data Collection:
Multiple entities, including NGOs, cooperatives, and gov-

ernment agencies, collect ASM and child labor data, but they 
employ different definitions, together with unique meth-
ods and varying time periods. The datasets do not match up 
properly and exist in separate entities, which hinders both col-
lective work and verification processes.28 Many organizations 
maintain proprietary data or incompatible systems that lead 
to fragmented knowledge bases while creating duplicate work 
efforts. The fragmented system fails to construct an overall un-
derstanding of child labor patterns in this sector, which results 
in impaired coordination between response actions.

Limited Community Involvement:
The present monitoring systems fail to include community 

members in their framework. The first signs of child employ-
ment at mining sites become apparent to residents living in 
the area. Various structural barriers, including inadequate re-
porting channels, along with the danger of repercussions and 
public distrust of authorities, block communities from taking 
part in monitoring activities. The absence of community par-
ticipation makes monitoring systems both inaccurate in their 
context and delayed in their responses. The use of anonymized 
crowdsourced reports through AI-driven systems would en-
hance data quality by adding detailed and recent information 
to forecasting methods.30, 31

Weak Feedback Loops:
The connection between the detection of violations and en-

forcement activities remains weak in the existing systems. The 
reports experience extended delays in bureaucratic systems 
because of insufficient government resources and political in-
fluence, together with institutional resistance.31 Companies 
involved in mining operations receive compliance recommen-
dations, but these do not lead to follow-up actions, resulting in 
unaddressed violations. The credibility of monitoring systems 
decreases while community trust fades, and the effectiveness of 
the oversight framework weakens because of these weak feed-
back loops.
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Figure 1: Proposed AI forecasting system architecture. The diagram 
illustrates the data flow from multi-source data collection (socio-economic, 
environmental, governance, market, and community signals) through 
structured data fusion and probabilistic modeling layers to decision-support 
outputs. Feedback loops from mitigation interventions are reintegrated into 
the system, enabling continuous learning and adaptive risk forecasting.

	 ijhighschoolresearch.org



	 68	

increase child participation in mining, while declining 
attendance serves as an early warning. 
Feasibility: Data are collected irregularly, but NGO 
partnerships and mobile reporting can fill gaps.33

•	 Environmental and site activity data: Satellite imagery, 
drones, and IoT sensors can detect new or expanding 
ASM sites, which often rely on informal child labor.34 
Feasibility: Satellite and drone data are robust; low-cost, 
solar-powered sensors can overcome infrastructure lim-
its.35

•	 Governance and enforcement data: Low inspection fre-
quency, corruption, or weak legal action correlate with 
higher child labor rates.36 
Feasibility: Sensitive data requires negotiated access and 
anonymization to protect sources.18

•	 Market data: Cobalt price spikes and export anomalies 
often precede child labor surges.21 
Feasibility: Market data are reliable and regularly up-
dated through international sources.37

•	 Conflict and instability data: Violence and displace-
ment weaken education and enforcement, while armed 
groups may directly exploit children.38 
Feasibility: Incident databases like ACLED are consis-
tent but hard to verify locally.25

By combining robust global datasets (e.g., market trends, 
satellite imagery) with fragmented local data (e.g., atten-
dance, enforcement, community reports), the system can 
cross-validate signals and reduce reliance on any single source. 
Mitigation strategies—(offline sensors, community reporting, 
and anonymization) —can strengthen data quality and cover-
age in the DRC context.

Data Fusion Layer:
No single data stream — satellite imagery, NGO reports, 

school attendance data, or market prices — can fully capture 
the complexity of child labor dynamics in cobalt ASM. Each 
offers only a partial view: for example, satellite imagery shows 
site expansion but not socio-economic pressures, while market 
trends reflect demand shifts but not local enforcement gaps. 
Structured fusion of these heterogeneous data sources is there-
fore essential.

The fusion layer’s goal is to reveal hidden relationships 
between datasets. For instance, a spike in informal mining ac-
tivity becomes a stronger risk signal when paired with falling 
school attendance and rising cobalt prices, enabling more pre-
cise early warnings.

Fusion strategies include:
•	 Bayesian frameworks: Encode and propagate uncertain-

ty, balancing strong signals (e.g., market prices) with 
sparse or irregular local data.32

•	 Graph-based fusion: Model relational structures link-
ing mines, schools, conflicts, and trade flows, capturing 
spillovers across systems.34, 35

•	 Attention mechanisms: Dynamically weigh the most in-
formative signals under changing conditions.34

The architecture consists of five interconnected layers: (1) 
Data Collection, (2) Data Fusion, (3) Predictive Modeling, 
(4) Uncertainty Calibration and Output Generation, and (5) 
Decision Support and Intervention. Each layer performs a 
distinct function while remaining dynamically linked through 
feedback mechanisms.

Big Data Signals:
Recent advances in data analytics demonstrate that inte-

grating large, diverse datasets can uncover hidden risk patterns 
within isolated sources.32 In the context of child labor in cobalt 
ASM, this approach is particularly valuable. Key drivers, such 
as poverty levels, school closures, fluctuations in commodi-
ty prices, and weak governance, generate measurable signals 
across multiple data streams. These include household and ed-
ucation surveys, satellite and geospatial imagery, market and 
trade data, social media activity, mobile phone usage patterns, 
and local incident reports. By systematically processing and 
harmonizing such heterogeneous datasets, an AI-based mod-
el can identify correlations and anomalies that serve as early 
warning signs of child labor risks. This data-driven forecasting 
enables proactive intervention rather than reactive documen-
tation.

Feasibility and Operational Constraints:
While the data-fusion architecture is conceptually robust, 

several operational constraints must be explicitly acknowl-
edged. Persistent cloud cover in parts of the Congo Basin 
limits optical satellite visibility for approximately 40–60% of 
days annually, potentially reducing imagery-based detection 
reliability. Drone deployment is constrained by regulatory 
permissions, security risks in conflict-affected provinces, and 
infrastructure limitations.

School attendance data in remote ASM regions is often in-
complete or manually recorded, introducing reporting delays 
of several weeks to months. Power and internet connectivi-
ty are intermittent in many mining communities, limiting 
real-time IoT data transmission. Estimated latency between 
signal detection and centralized processing may range from 
several days (market data) to multiple weeks (local socio-eco-
nomic reporting).

Cost considerations also present constraints. Satellite 
imagery subscription models, drone maintenance, sensor de-
ployment, and model training infrastructure require sustained 
funding commitments. These factors imply that phased re-
gional pilots, rather than nationwide immediate deployment, 
represent a more realistic implementation pathway.

Key Components of the Framework:
Data Collection Layer:
The forecasting model relies on timely, high-quality data 

from multiple domains, each reflecting mechanisms that shape 
child labor dynamics.

•	 Socio-economic indicators: Household income, food pric-
es, and school attendance reveal economic pressures 
that drive child labor.6 Rising prices or falling incomes 
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However, fusion poses challenges: mismatched spatial and 
temporal resolutions, and potential bias from over-reliance on 
dominant data sources.

Proven fusion methods in disaster early warning, public 
health surveillance, and cyberattack forecasting show that inte-
grating multiple noisy signals improves predictive accuracy and 
timeliness. Building on these precedents, the framework aims 
to generate a coherent and dynamic risk picture to support tar-
geted interventions.

Predictive Modeling Layer:
The predictive modeling layer forms the analytical core of 

the forecasting framework. While a Bayesian Long Short-Term 
Memory (B-LSTM) network remains a strong candidate, it is 
important to situate this choice within the broader landscape 
of contemporary AI architectures to clarify its advantages and 
limitations.32

Why Bayesian LSTM:
•	 LSTM networks excel at handling time-series data, ef-

fectively capturing long-term dependencies in sequences 
such as evolving cobalt prices, enforcement records, or 
school attendance trends.
The standard LSTM cell computes the hidden and cell 
states as follows:

𝑓𝑡 = 𝜎(𝑊𝑓 [ℎ𝑡−1, 𝑥𝑡]+𝑏𝑓),
𝑖𝑡 = 𝜎(𝑊𝑖 [ℎ𝑡−1, 𝑥𝑡]+𝑏𝑖),

c𝑡̃ = tanh (𝑊𝐶 [ℎ𝑡−1, 𝑥𝑡]+𝑏𝐶),
𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1+𝑖𝑡 ∗ c𝑡̃,

ℎ𝑡 = 𝜎(𝑊𝑜 [ℎ𝑡−1,𝑥𝑡]+𝑏𝑜)∗tanh (𝐶𝑡) 
In the Bayesian variant, each weight 𝑊 is modeled as 
a probability distribution rather than a fixed value, en-
abling uncertainty propagation throughout the network:

𝑝(𝑦∣𝑥,𝐷)=∫𝑝(𝑦∣𝑥,𝑤) 𝑝(𝑤∣𝐷) 𝑑𝑤
where 𝐷 is the training data, and 𝑤 are stochastic net-
work weights.32

•	 Bayesian methods explicitly model uncertainty, allow-
ing the system to output not only point estimates but 
probability distributions. This is particularly valuable in 
the DRC context, where data is often sparse, irregular, 
or incomplete. By propagating uncertainty through the 
model, decision-makers can prioritize high-confidence 

alerts while flagging ambiguous cases for further veri-
fication.

However, recent advances in AI offer alternative or comple-
mentary approaches that may better exploit the spatio-temporal 
and multimodal nature of the input data:

•	 Visual Transformers (ViTs) have proven effective in 
extracting rich spatio-temporal features from satellite 
and drone imagery,39 making them suitable for tracking 
evolving ASM site activity. Their self-attention mech-
anisms allow the model to identify subtle spatial cues 
(e.g., small-scale pit expansion) that might indicate 
emerging child labor risks.40

•	 Graph Transformers provide a way to model the rela-
tional structure of the problem—linking mine sites, 
nearby schools, transport routes, conflict incidents, and 
market flows.44 This graph-based representation is es-
pecially relevant in the cobalt ASM context, where risks 
propagate along interconnected social, economic, and 
geographic pathways. Graph Transformers can dynam-
ically adjust edge weights to reflect changing conflict 
intensity, migration patterns, or enforcement activity.41,42

•	 Hybrid Architectures that combine Bayesian LSTMs 
with ViTs or Graph Transformers can leverage the 
strengths of each. Bayesian components manage un-
certainty in noisy socio-economic time series, while 
Transformers process structured relational data or com-
plex spatial imagery. Such multimodal fusion can yield 
more accurate and context-aware forecasts.39,42

At the same time, the architecture choice must consider 
operational constraints in the DRC: computational resourc-
es, data sparsity, and real-time applicability. While ViTs and 
Graph Transformers offer higher representational power, they 
may require larger datasets and more extensive training in-
frastructure than a B-LSTM. Hybrid solutions can balance 
model sophistication with deplorability, ensuring the system 
remains both accurate and practical.

In practice, once trained, the model could generate forecasts 
such as:

•	 “Region X has a 75% probability of a child labor in-
crease in the next three months.”

•	 “The probability of child labor risk is rising fastest in 
mining sites within 20 km of recent armed conflict.”

By explicitly comparing these modeling strategies, the 
framework can be adapted over time—starting with a robust 
Bayesian LSTM baseline and potentially evolving toward 
hybrid Transformer-based systems as data availability and in-
frastructure improve.

Target Def inition and Labeling Protocol:
For methodological clarity, the target variable (y) must be 

precisely defined. In this framework, y represents the probabil-
ity of child labor presence at the site-month level. The primary 
spatial unit may be defined as either (a) a georeferenced mining 
polygon derived from satellite imagery or (b) a standardized 
10×10 km grid cell to ensure consistent spatial aggregation. 
Temporal granularity is defined at a monthly resolution to bal-
ance reporting frequency with data availability constraints.
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Figure 2: Network diagram of ASM challenges, mitigation strategies, and 
data sources. The figure illustrates how economic, governance, environmental, 
and supply-chain factors interact to sustain child labor in artisanal cobalt 
mining. It emphasizes that child labor persistence results from reinforcing 
structural drivers rather than single-point failures, underscoring the need for 
integrated, multi-sector interventions.
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Labeling presents significant challenges. Ground-truth 
labels may originate from NGO field reports, labor inspec-
tions, audit documentation, and verified media investigations. 
However, these sources are unevenly distributed and tend to 
under-represent remote or conflict-affected sites. To address 
this limitation, the framework proposes a weak supervision 
strategy combining confirmed cases with proxy indicators (e.g., 
sudden school attendance declines, verified ASM expansion, or 
enforcement anomalies).

Given the likelihood that positive cases are more observable 
than negative ones, positive-unlabeled (PU) learning approach-
es may be employed. Semi-supervised methods can further 
leverage unlabeled data, while hierarchical Bayesian priors may 
encode spatial correlation between neighboring sites without 
causing information leakage across administrative boundaries. 
These strategies improve robustness while explicitly account-
ing for structural reporting bias.

Model Evaluation, Ablation, and Robustness Testing:
To ensure methodological rigor, the framework includes 

planned evaluation protocols. First, ablation studies will assess 
model performance across different data modalities. Separate 
experiments will evaluate (1) imagery-only inputs, (2) so-
cio-economic indicators only, (3) conflict data only, and (4) full 
multimodal fusion. Additional ablations will simulate struc-
tured missingness patterns to evaluate graceful degradation 
when specific data streams become unavailable.

Second, robustness to concept drift must be assessed. Stress 
tests will simulate exogenous shocks such as cobalt price spikes, 
sudden school closures, or abrupt increases in inspection fre-
quency. These controlled perturbations allow evaluation of 
model stability under changing structural conditions.

Third, counterfactual sensitivity analysis will examine how 
predictions respond to policy interventions, such as increased 
enforcement or expanded cash transfer coverage. This analysis 
ensures that the model does not merely reproduce historical 
bias but adapts to new intervention regimes.

Evaluation metrics should include probabilistic scoring 
rules (e.g., Brier score), area under the precision-recall curve 
(AUPRC), and calibration curves to assess uncertainty re-
liability. Together, these procedures establish transparency, 
robustness, and reproducibility in the forecasting framework.

Output and Decision Support Layer:
The final stage of the framework translates predictive signals 

into actionable insights through an interactive decision-sup-
port dashboard accessible to government agencies, NGOs, 
corporations, and community organizations. This layer ensures 
that forecasts lead to targeted, timely, and transparent inter-
ventions.

Stakeholder-specif ic applications:
•	 Government inspectors: Prioritize inspections in high-

risk zones and allocate limited resources strategically.
•	 NGOs and humanitarian organizations: Deploy mobile 

classrooms, conditional cash transfers, or health services 
to at-risk communities.

•	 Corporations: Adjust audits and procurement strategies 
in line with responsible sourcing standards.

•	 Community organizations: Monitor local risks, hold ac-
tors accountable, and coordinate bottom-up reporting.

Why visual, probabilistic outputs: Risk heat maps, probability 
trend graphs, and ranked site lists convey both risk magnitude 
and confidence levels, enabling more precise decision-making 
than binary alerts. Heat maps support quick spatial under-
standing of risk clusters linked to mining expansion, conflict, 
and access routes.

Parallels with existing systems: This approach draws on suc-
cessful models such as World Health Organization epidemic 
dashboards, which guide coordinated, time-sensitive responses 
across multiple actors.

Accountability and transparency: Dashboards also act as ac-
countability tools, making forecasts and responses visible to 
civil society and communities. This transparency fosters trust 
and encourages responsible corporate and governmental action.

In short, the output layer is an active interface between pre-
dictive analytics and real-world interventions, enabling earlier, 
more targeted, and more accountable responses to child labor 
risks in cobalt ASM.

Example Use Cases for Forecasting:
Forecasting enables a shift from reactive to anticipatory 

interventions, allowing stakeholders to act before risks materi-
alize. Similar early-warning systems — such as World Health 
Organization epidemic dashboards and disaster forecasting 
platforms — show how predictive analytics improves targeting, 
timing, and accountability.43

•	 Targeted Enforcement: Forecast-based risk maps help 
labor inspectorates prioritize limited resources toward 
high-risk sites, similar to outbreak teams deployed 
pre-emptively. This provides quantifiable evidence for 
more strategic enforcement.

•	 Pre-emptive Education Support: NGOs can deploy mo-
bile classrooms or CCT programs before dropout rates 
rise. Evidence from Brazil and Mexico shows early in-
terventions are more effective than post-crisis support.

•	 Corporate Sourcing Adjustments: Probabilistic forecasts 
offer data-driven due diligence aligned with OECD 
and UN principles, allowing companies to adjust audits 
or sourcing before violations escalate.

•	 Do-No-Harm Governance and Responsible Sourcing Safe-
guards: To prevent unintended harm, the framework 
incorporates a strict “do-no-harm” governance principle. 
Forecast alerts must not automatically trigger suppli-
er disengagement without first requiring time-bound 
remediation plans, community consultation, and doc-
umented mitigation efforts. Corporate actors should 
prioritize corrective engagement, educational support, 
and capacity-building interventions before consider-
ing sourcing withdrawal. A multi-stakeholder oversight 
committee, including local civil society representation, 
should review high-risk designations to prevent eco-
nomic abandonment of vulnerable communities.
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•	 Humanitarian Response: Forecasts enable anticipatory 
cash or food assistance, reducing economic pressures 
that push children into mines. Studies by the World 
Bank and IFRC show that anticipatory aid is more ef-
fective and cost-efficient than reactive relief.

Technical Advantages of  This Approach:
The advantages of this framework are not merely concep-

tual; they are operationally critical in the unstable, data-scarce 
context of artisanal and small-scale cobalt mining in the DRC.

Multi-source resilience ensures stable performance even 
when some datasets become unreliable — a common issue in 
conflict-affected regions. By drawing on diverse streams such 
as satellite imagery, socio-economic indicators, and enforce-
ment data, the system remains functional despite disruptions.

Scalability allows the framework to be adapted to other 
minerals and countries where similar child labor risks exist, 
supporting coordinated international monitoring with relative-
ly low additional cost.

Continuous learning enables the model to refine its forecasts 
as new data are ingested, ensuring timely adaptation to chang-
ing market, governance, or conflict conditions.

Crucially, Bayesian uncertainty quantification provides 
probability ranges rather than binary outputs, helping de-
cision-makers manage the ethical risks of false positives and 
negatives in humanitarian contexts. The layered architecture 
also ensures traceability, allowing stakeholders to link outputs 
back to inputs and aligning the system with the Organization 
for Economic Co-operation and Development and United 
Nations human rights frameworks.22, 44

Challenges and Limitations:
The framework shows great potential yet faces various op-

erational and moral barriers during its implementation. Data 
availability throughout the DRC exists in inconsistent and 
incomplete forms and faces political disputes. Sensitive data-
sets risk misuse, potentially leading to punitive actions against 
vulnerable communities. Transparency, robust governance, and 
ethical safeguards are therefore essential. Human judgment 
remains indispensable because AI predictive models function 
as decision-enhancing tools through additional evidence and 
forward-looking insights.28

The application of multi-source forecasting techniques 
to cobalt ASM enables monitoring to transition from doc-
ument-based reactions to preventive measures. The AI 
forecasting framework represents a transformative tool for risk 
reduction of child labor in essential supply chains, although 
it faces ongoing data governance and ethical protection chal-
lenges.

Mitigation Strategies and Data Integration:
Addressing child labor in the cobalt ASM sector of the 

Democratic Republic of Congo (DRC) requires more than 
the identification of risks and hazards. Once high-risk condi-
tions are assessed, interventions must be deployed that target 
the structural drivers of child labor while also generating mea-
surable and structured datasets. These datasets feed back into 

the AI forecasting framework outlined in Chapter 4, ensur-
ing a cycle of continuous improvement in both prediction and 
response. This chapter presents ten mitigation strategies that 
correspond directly to the challenges identified in Chapter 2 
and demonstrates how each strategy can be integrated into the 
proposed AI system.

Each mitigation strategy presented in this chapter is ex-
plicitly mapped to one or more structural drivers identified in 
Chapter 2. Rather than functioning as isolated policy respons-
es, these interventions generate structured and time-series data 
streams—such as school attendance logs, inspection frequen-
cy records, blockchain transaction histories, sensor readings, 
and community reports—that are systematically re-integrated 
into the AI forecasting framework described in Chapter 4. 
This creates a continuous learning loop in which intervention 
outcomes refine predictive accuracy over time. In this archi-
tecture, mitigation is not only a response mechanism but also 
a data-generating process that strengthens model calibration, 
reduces uncertainty, and improves future risk forecasting.

As illustrated in Figure 2, the challenges of sustaining child 
labor in artisanal and small-scale cobalt mining are direct-
ly linked to specific mitigation strategies and corresponding 
data sources. The Sankey diagram visualizes how each struc-
tural driver—such as poverty, weak enforcement, or supply 
chain opacity—connects to targeted interventions and the data 
streams required to support AI-driven forecasting and moni-
toring. This integrated view highlights that effective prevention 
depends not on isolated actions, but on coordinated strategies 
that simultaneously address multiple risk factors while contin-
uously feeding data back into the forecasting framework.

Conditional Cash Transfers (CCTs) and Mobile Classrooms:
Conditional cash transfers (CCTs), proven effective in Brazil 

and Mexico,44 provide regular payments to families contingent 

Figure 3: Sankey diagram of ASM challenges, mitigation strategies, and 
data sources. The diagram visualizes the flow from structural drivers of child 
labor to specific intervention pathways and associated datasets. It highlights 
how data-generating interventions not only mitigate child labor risks but also 
strengthen forecasting accuracy through continuous feedback into the AI 
system.
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upon children’s school attendance. In mining communities, 
where immediate income pressures often outweigh long-term 
considerations, CCTs offset the opportunity cost of keeping 
children in school. Mobile or satellite-enabled classrooms can 
also extend education into remote mining settlements and fol-
low migratory families.

Challenges addressed: Poverty, lack of education, and absence 
of alternatives. 

Data integration: Attendance records, CCT payment logs, 
household expenditure surveys. These data sources enrich the 
forecasting model by tracking education-centered interven-
tions and their influence on child labor trends.

Satellite and Drone Monitoring:
Remote sensing offers near real-time visibility over ASM 

activity, capturing new excavation, pit expansions, site aban-
donment, and environmental degradation such as vegetation 
loss or river sedimentation.

Challenges addressed: Widespread ASM, limited oversight, 
data scarcity, and conflict zones. 

Data integration: Geo-tagged imagery, site expansion met-
rics, and overlays with known child labor hotspots. When 
combined with socio-economic data, this strengthens predic-
tive accuracy.

IoT-Based Safety and Environment Monitoring:
Low-cost IoT sensors deployed at ASM sites can track air 

quality, structural vibrations, and noise linked to excavation. 
Dangerous conditions often drive adult workers away, leaving 
children more exposed to hazardous tasks.

Challenges addressed: Unsafe working conditions, weak en-
forcement, and poor oversight. 

Data integration: Sensor logs, threshold-triggered alerts, 
and clinic injury records. These inputs support a “safety index” 
within the AI model.

Blockchain Traceability Platforms:
Blockchain provides immutable, verifiable records of co-

balt from extraction to market. By recording each transaction, 
transport, and processing stage, blockchain systems reduce 
opportunities to disguise ASM cobalt as industrially mined 
cobalt.

Challenges addressed: Supply chain opacity, weak corporate 
oversight. 

Data integration: Transaction logs, anomalies in shipment 
volumes or routes, and verification against geo-tagged produc-
tion sites.

Community-Based Reporting Systems:
Secure, anonymous reporting platforms (via SMS or mobile 

apps) empower communities to document child labor, unsafe 
conditions, or abuse. Incentives such as airtime credits can en-
courage reporting.

Challenges addressed: Weak law enforcement, data scarcity, 
and conflict-affected zones. 

Data integration: Time-stamped, geo-referenced reports, fre-
quency patterns, and cross-validation with remote sensing data. 

These inputs provide timely, local insights that complement 
formal monitoring.

Alternative Livelihood Programs:
Vocational training in agriculture, clean energy, or small-

scale manufacturing, combined with micro-credit or seed 
funding, reduces household reliance on ASM.

Challenges addressed: Lack of alternative livelihoods, poverty, 
and market dependency. 

Data integration: Training completion and job placement re-
cords, household income surveys, and employment shifts away 
from mining.

Enhanced Corporate Auditing:
Independent, unannounced inspections combined with sat-

ellite verification can strengthen compliance with responsible 
sourcing standards. Public disclosure of audit findings can en-
hance accountability.

Challenges addressed: Limited corporate oversight, traceabil-
ity gaps. 

Data integration: Audit results, discrepancy scores between 
reported and observed activity, and linkages to child labor in-
cidents.

Conflict and Risk Mapping:
Integrating conflict incident data with mining site geospa-

tial information allows for proactive identification of high-risk 
zones.

Challenges addressed: Political instability, weak enforcement. 
Data integration: Event logs (type, location, casualties, dis-

placement), overlaid with mining site data. These inputs 
highlight where conflict dynamics elevate child labor risks.

Market Signal Monitoring:
Cobalt price fluctuations and EV demand forecasts strongly 

influence ASM activity. Monitoring these market signals en-
ables early warnings of labor demand spikes.

Challenges addressed: Consumer and market pressure, poverty. 
Data integration: Historical price time-series, demand fore-

casts, and correlations with ASM expansion. These signals help 
stakeholders intervene before child labor surges.

Centralized Data Platform:
A centralized, open-access platform is necessary to overcome 

fragmentation and ensure interoperability among government 
agencies, NGOs, and companies.

Challenges addressed: Data scarcity, fragmented monitoring. 
Data integration: Standardized metadata, automated clean-

ing protocols, and APIs for seamless access. This central hub 
ensures continuous refinement of the forecasting model and 
strengthens collaborative interventions.

Ethical and Practical Considerations:
AI-enabled forecasting system implementation for predict-

ing child labor in the Democratic Republic of Congo (DRC) 
artisanal and small-scale mining sector faces both practical 
and ethical challenges. The protective function of an advanced 
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system becomes ineffective when its developers fail to address 
privacy concerns, as well as governance issues, alongside bias 
and sustainability problems. This chapter establishes essential 
ethical and practical elements that must influence the creation, 
deployment, and governance of this framework.

Privacy and Data Protection:
The creation of forecasting models needs sensitive data types 

that combine household income surveys and school atten-
dance records with community-based reports. The DRC faces 
challenges regarding data misuse because it remains a fragile 
region despite its history of exploitation. To protect privacy, 
the system needs to perform strong anonymization procedures 
on all datasets before the model starts processing them. The 
reporting tools need to remove all identifiable data except geo-
location and timestamp information, and archive data must 
remain encrypted with limited access for trained staff under 
confidentiality agreements. The West African Ebola response 
showed that localized datasets required anonymization before 
sharing with international organizations.43 The same protec-
tive measures need to be implemented to stop the retaliation or 
discrimination against vulnerable households.

Risk of Misuse by Authorities or Corporations:
The forecasting outputs present the possibility for improper 

usage. Companies tend to move their operations from high-
risk zones instead of fixing problems; thus, they block potential 
earnings, which might force children into hazardous work. 
The management of forecast alerts together with interven-
tion plans requires a multi-stakeholder governing body that 
includes community representatives, NGOs, industry actors, 
and government officials. Through this structured approach, 
the system will enforce cooperative and restorative measures 
instead of penalizing ones.22

Community Trust and Participation:
Any monitoring system based on AI requires both commu-

nity trust and ownership to achieve success. The system will 
face rejection or become irrelevant when local communities 
view it as a system imposed by external forces. Communities 
need involvement throughout all stages of data collection tool 
development and forecast interpretation processes. The system 
requires essential training for local partners, together with clear 
explanations of the system through simple language and visible 
demonstrations of participation advantages. The disaster risk 
mapping initiative in the Philippines reached success because 
local volunteers participated actively and understood how their 
involvement added value.45 The ASM sector requires the same 
level of co-ownership that this initiative implements.

Avoiding Technological Dependency:
The strong predictive abilities of AI forecasting do not 

mean organizations should eliminate human judgment and 
local knowledge. Traditional investigations, together with 
community consultations and fieldwork, should be supported 
by forecast outputs that function as additional tools. System-
ic underestimation of risks in conflict zones will be detected 

through regular audits of ground data versus forecast results, 
which will allow model adjustments.

Representation and Bias in Data:
The main issue with sampling results is the existence of bias. 

The monitored areas generate false impressions of lower risk 
levels because monitoring efforts are limited, while well-mon-
itored regions become disproportionately prominent. The 
reliability of predictions needs to be displayed through con-
fidence scores that accompany forecast results. Stakeholders 
should focus their efforts on collecting more data when model 
uncertainty reaches certain thresholds, thus minimizing the 
unequal representation within the model.

Operational Sustainability:
A forecasting system will not be effective when its mainte-

nance extends beyond the initial pilot stage. Donor attention 
loss tends to cause projects in fragile contexts like the DRC to 
stop operating. The system needs to have affordable infrastruc-
ture and easy maintenance functions for sustainability purposes. 
Local analysts and technicians require training to operate the 
platform. A hybrid funding system that integrates government 
funds with industrial support and international donor support 
will enhance the system's long-term sustainability.

Ethical Handling of False Positives and Negatives:
No predictive system is infallible. The incorrect detection 

of child abuse incidents results in negative outcomes, such as 
damaging community reputation and extra interventions for 
children and missing child abuse cases because of incorrect 
non-detection. The mitigation of risks depends on forecasting 
with uncertainty ranges, followed by independent verification 
from data sources or field visits, before implementing inter-
ventions. The process of multi-layered verification helps reduce 
incorrect prediction-based actions.

Alignment with Existing Frameworks:
The AI forecasting system needs to support the OECD Due 

Diligence Guidance for Responsible Supply Chains of Miner-
als and the UN Guiding Principles on Business and Human 
Rights as its fundamental framework. The system can achieve 
higher industry adoption and increased accountability when 
forecasts integrate with current compliance and reporting pro-
tocols.22

AI forecasting systems remain ethical and practically us-
able when they protect privacy and prevent misuse, and build 
community trust while reducing bias and ensuring sustainabil-
ity, while following current governance standards. Technical 
complexity in a model does not guarantee meaningful im-
provements in child labor prevention because it lacks essential 
safeguards. The forecasting framework transforms into a 
powerful tool that empowers communities, policymakers, and 
industry actors when it includes ethical safeguards and partici-
patory governance to predict risks effectively.
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�   Conclusion 
The occurrence of child labor in cobalt ASM operations 

of the Democratic Republic of Congo stems from a combi-
nation of poverty, weak governance, environmental pressures, 
and unclear global supply chains. Current monitoring systems 
primarily function by recording violations after they have al-
ready taken place. Thousands of children remain vulnerable to 
hazardous conditions, while the existing approach neglects to 
solve the core reasons behind child labor.

The research identified ten connected obstacles that sustain 
child labor, including the unregulated nature of ASM opera-
tions and insufficient data collection systems. The diverse set of 
challenges demands individualized responses, but they collec-
tively demonstrate the need for a fundamental transition from 
reactive measures to proactive, predictive interventions.

The forecasting method of Almahmoud et al. served as a 
foundation for this research, which presented a multi-source 
AI system that combines satellite images with community re-
ports, socio-economic data, governance indicators, and market 
statistics to detect early signs of child labor risk. A predictive 
system would optimize resource distribution through directed 
enforcement programs, educational services, corporate assess-
ments, and emergency assistance programs for areas at high 
risk.

The success of technological progress will remain insuffi-
cient without additional measures. The creation of forecasting 
systems needs to be done ethically through the implementa-
tion of privacy protection measures, misuse prevention systems, 
bias reduction strategies, and ongoing community engagement. 
The integration of established international standards regard-
ing responsible sourcing and human rights protection will 
establish both accountability and credibility.

The way forward demands a collective effort from local 
communities together with national authorities, NGOs, indus-
try actors, and international organizations. When predictive 
analytics work together with intervention capabilities in the 
real world, it becomes possible to shift from child labor doc-
umentation to child labor prevention. The accomplishment of 
this transformation would both prove progress toward ethical 
cobalt supply chain transparency and create possibilities for 
Congolese children to experience learning and growth and en-
joyment outside mining dangers.
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