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Introduction

The exponential growth of artificial intelligence (AI) has revolu-
tionized numerous fields, offering unprecedented capabilities in
data analysis, prediction, and automation. These large language
models (LLMs) can process, understand, and generate human
language based on enormous amounts of data that are fed into
it. Al is dependent on the types and nature of data that they are
trained to access and process. LLMs are trained on large amounts
of text, predominantly obtained from the internet to respond to
questions, provide summaries, translate and create stories and
other forms of textual outputs [1]. Nonetheless, AI forms much of
its foundational operating system based on the existing reserve of
knowledge on the internet. But is the existing resource of knowl-
edge in the internet adequate, saturated and not to question, (fair-
ly) representative of the population that are either underserved by
the internet or are systematically deprived from the modern da-
tabases? This question already poses an input bias to these LLIMs
and are indeed likely to generate bias in processing and output.

Based on their dependence on the data they can access, a further
question to consider is: how sustainable and reliable is Al's out-
put if its foundational data are still developing? Data, as we know
it, cannot grow meaningfully without continuous investment in
primary research especially in global health, a field driven by ev-
idence-based practice that continues to evolve by the empirical
research.

Evidence-based practice and policymaking are the bedrock of
public health. Primary and indeed secondary research (including
systematic reviews which are also based on primary research) are
used to generate the evidence that guide global health practice in-
cluding policymaking. Consequently, evidence or information ob-
tained through data retrieval and those considered as secondary
sources (social media, internet searches, wearables) all form
part of the data ecosystem, which is accessed by LLMs to an-
swer questions, provide summaries and guide disease diagno-
sis for the general public.

Dr Ilya Sutskever, co-founder and former chief scientist at
OpenAI which runs ChatGPT, speaking at the NeurIPS 2024

in Vancouver, Canada described data as the main limitation
for Al models going forward [2]. In Ilya’s words, “We have but
one internet”. Hidden in the pretext, a heavy reliance on Al
models that scrape and recycle Al-generated internet content
compounds the risk of amplifying biases and inaccuracies in
AT outputs. Referring to deep learning revolution, Ilya said, “...
more it [Al systems] reasons, more unpredictable it becomes”.
Mimicking human ‘reasoning’ is complex and prone to bias-
es; like humans fail to unfathom[ed] our own biases based on
where we were born, live, work and our environment around

[L.3].

Historical lessons from natural world examples offer a stark
warning. The infamous Minamata disease, a neurological dis-
order caused by methylmercury poisoning, emerged from
bioaccumulation—where contaminants progressively concen-
trated through the food chain [3]. Fish and shellfish in Japan's
Minamata Bay were poisoned by methylmercury compounds
discharged from a chemical plant, devastating human and
ecological health. Just as toxic compounds accumulate in eco-
systems, unchecked biases, imperfections, developing facts
can propagate and intensify across Al systems, perpetuating
systemic flaws [3,4]. This analogy underscores the urgency of
implementing stronger safeguards against the accumulation
of bias in Al technologies [4].

The Risk of Data Recycling

Al models are increasingly trained on vast quantities of online
data. With the growth in AI models, it is likely that AI gen-
erated outputs are recycled into training large clusters of Al
models those which are currently in operation, or forthcom-
ing. While this approach accelerates model training, it also
creates a closed feedback loop. Unlike mathematical models
which perform comparatively better, linguistical models bear
higher risks of reduction and generalization underestimat-
ing the enormity of linguistic complexity, meanings, inter-
pretations, construction, cues, and nuances. In addition, the
real-life scenario of how a particular intervention works, for
who and how is even more complex, just as complex as human
behavioral patterns are. Following a set of trends, patterns,
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and processes available so far risks simplifying the intricacies
of interaction between science and the society.

Assuming an existing sets of data on cultural practice in a re-
mote community in Laos for example, inadvertently adds to
the narrowed understanding and insights that can inevitably
lead to a futile model. Both cultural practices, and interven-
tions evolve, including their interactions, and are thus dynam-
ic; any assumption of ‘saturation’ and premature interpreta-
tion can lead to flawed outcomes. All primary research are
prone to errors, biases, and gaps, thus these inputs can lead
to a biased knowledge models including their recycling and
reproduction. For example, studies have shown that large lan-
guage models reflect and sometimes amplify societal stereo-
types present in their training data. This can lead to discrim-
inatory outcomes in critical areas such as hiring algorithms,
loan approvals, and healthcare recommendations [3,4]. In-
deed such models can become parochial and circumscribed,
also aligning with the discourses on how current global health
knowledge suffers from epistemic injustice including the un-
fair practices in global health research.
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The dependence on such self-referential data pipelines risks
diminishing the diversity, depth and evolutionary properties
of empirical datasets that Al models rely upon. Diversity in
training data is crucial for AI systems to approach effective
generalization and equitable representation across varied
contexts. Without continuous empirical research, Al systems
may continue to propagate and exacerbate systemic flaws in
data—recycling the errors and biases.

The Need for Guardrails

Guarding against bias in Al systems requires a multifaceted
approach. First and foremost, investment in primary research
must be prioritized. Diverse types of empirical research are
critical to produce multi-dimensional aspects of a disease or
an intervention including its interaction with the commu-
nities. Such investment can integrate diverse datasets, from
qualitative to quantitative, to inform the design of commu-
nity-acceptable interventions, strategies, and policies. For
example, in healthcare, the inclusion of underrepresented
populations in clinical trials ensures that Al models trained
on such data provide equitable recommendations across de-
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Figure 1. Bias accumulation in knowledge systems with advent of AI and LLMs. Adapted using historical example of Minamata

Diaster[3,5]
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mographics [6].

Second, the development of robust regulatory frameworks
to oversee the Al generated data is essential. Just as environ-
mental regulations mitigate industrial pollution, stringent
guidelines can prevent the accumulation of bias in Al sys-
tems. These frameworks must mandate transparency in data
sourcing, ensure diverse representation in training datasets,
and require continuous monitoring of AI outputs for signs of
bias.

Lastly, interdisciplinary collaboration between Al developers,
ethicists, sociologists, and content experts can help identify
and mitigate potential biases early in the development pro-
cess. This collaborative approach mirrors successful strate-
gies in environmental management, where scientists, policy-
makers, and industry stakeholders work together to address
complex challenges.

Lessons from the Natural World

The parallels between bioaccumulation and Al bias accumu-
lation serve as a cautionary tale. In the case of Minamata dis-
ease, the absence of preventive measures allowed pollutants
to devastate communities and ecosystems.1,3 Ironically, the
pollution was not stopped even after 12 years of identification
of methylmercury in 1956 [7]. Much like the powerful indus-
try lobby and low community awareness in 1956, efforts to
curb Al bias today suffer from a lack of advocacy and critical
awareness among the public and policymakers. Likewise, if
we fail to address the root causes of bias in Al systems, the
consequences could be far-reaching, affecting societal trust,
equity, and well-being.

The lessons from Minamata emphasize the importance of
proactive intervention. Environmental disasters have taught
us that investing in prevention is far more economical than
remediation when considering the expenses related to hid-
den, opportunity and disease-related costs. In Al, this means
investing in ethical and responsible data practices from the
outset. Just as environmental impact assessments are re-
quired for industrial projects, ethical impact assessments
should be mandatory for Al systems, particularly those de-
ployed in high-stakes domains like healthcare, finance, and
criminal justice.

Conclusion

As AI becomes increasingly integrated into the fabric of so-
ciety, its potential to benefit humanity is immense. However,
this potential can only be realized if we address the systemic
flaws in its development and deployment. Investment in pri-
mary research, coupled with strong regulatory frameworks

and interdisciplinary collaboration, can help mitigate the
risks of bias accumulation in Al systems. By learning from
historical and natural analogies, such as the bioaccumulation
of pollutants, we can chart a more ethical and sustainable
path forward for AL

The call for action is clear: to build AI systems that are not
only intelligent but also just and equitable, we must priori-
tize the quality and diversity of the data that underpin them.
Mimicking biological systems without understanding inheri-
tance of bias, propagation and accumulation will increase Al
associated risk for human civilization. Without risk mitigation
measures, we risk perpetuating and amplifying the very in-
equalities that AT has the potential to solve.
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