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The access and use of this information and knowledge is increasingly being regulated

from the uses of the information and knowledge. We conclude these issues will
require specific attention to ensure the ideals of fair and equitable benefit sharing are
sustainable and can deliver real benefits.

Summary

e The global regulation of access and benefit sharing (ABS) biological materials is
starting to impose complex rules for governing information and knowledge about
those materials. Artificial Intelligence (Al) poses existential challenges for the
research and development of those materials for foods, feeds, fibres, materials
and medicines under these ABS schemes.

e We speculate these challenges are in three distinct scenarios: (1) data used to train
the Al models; (2) data used to test (and verify) the Al models; and (3) data used in
applying the models to reveal useful patterns. Building in ‘explainability’ to the Al
algorithms may be a solution, at least in part, to delivering on fair and equitable
ABS.

e We then posit two issues for ABS: (1) negotiating the ownership status to use the
input data with each data owner for training, testing (and verifying) and using the
models (although a further complication here is that most data is without an
owner because it is already open and free as a public domain without intellectual
property restrictions); and (2) following the data per se through the Al models
(explainability).

e We conclude that how ABS will be addressed in developing and applying Al
models will require careful consideration to avoid the apparent dulling effects of
current ABS regulation and the potentially significant consequences this may have
for biology-based research and the commercialisation of biology-based products

and services.
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1 | INTRODUCTION
Artificial Intelligence (Al) poses existential challenges for the regula-
tory complex in international law forums around the access and bene-
fit sharing (ABS) of biological materials and their associated
information and knowledge® used for foods, feeds, fibres, materials
and medicines. These forums are the United Nations Convention on
Biological Diversity (CBD) (CBD, 1992) and its Nagoya Protocol on
Access to Genetic Resources and the Fair and Equitable Sharing of
Benefits Arising from their Utilization to the Convention on Biological
Diversity (Nagoya Protocol) (CBD, 2014), the Food and Agriculture
Organisation of the United Nations International Treaty for Plant
Genetic Resources for Food and Agriculture (Plant Treaty) (FAO, 2001;
see also CBD, 2011, [103] and Annex (Decision X/1, Preamble)), the
World Health Organisation of the United Nations Pandemic Influenza
Preparedness Framework (PIP Framework) (WHO, 2011) and the
United Nations Agreement under the United Nations Convention on the
Law of the Sea on the Conservation and Sustainable Use of Marine
Biological Diversity of Areas Beyond National Jurisdiction (BBNJ Agree-
ment) (GA, 2023).2

Each of these regulatory ABS schemes accommodate the existing
ideal of all information and knowledge being open and accessible with
only: (1) contract terms and conditions limiting the uses of information
and knowledge between the parties to the agreement about shared
biological materials but not third parties; and (2) time limited restric-
tive intellectual property claims (such as copyrights, confidences and
trade secrets) mandated by the World Trade Organisation's Agreement
on Trade Related Aspects of Intellectual Property Rights (TRIPS)
(WTO, 1994) that apply to all including third parties. These ABS
schemes are moving to imposing binding and onerous legal obligations
on the users (including third parties) of some information and knowl-
edge about the covered biological materials (see Lawson et al., 2023,
2024). In addition to these ABS schemes, there are claims for ‘cultural
property’ under the United Nations Educational, Scientific and
Cultural Organization Convention on the Means of Prohibiting and Pre-
venting the lllicit Import, Export and Transfer of Ownership of Cultural
Property (Article 1) (UNESCO, 1970) and for ‘cultural heritage, tradi-
tional knowledge and traditional cultural expressions’ of Indigenous
Peoples under the United Nations Declaration on the Rights of Indige-
nous Peoples (Article 31.1) (UNDRIP, 2007) (Figure 1).

10One match is data (unprocessed facts), one match in a matchbox is information (structured
data) and that matches go in matchboxes in knowledge (information with experience, context
and interpretation).

2The World Intellectual Property Organisation has recently concluded the concluded the
WIPO Treaty on Intellectual Property, Genetic Resources and Associated Traditional Knowledge
that requires certain disclosures in patent applications concerning some biological materials
and associate Traditional Knowledge (WIPO, 2024) and there are current negotiations about
a pandemic prevention, preparedness and response treaty (see Hampton et al., 2023).

The essence of ABS under the CBD, Nagoya Protocol, Plant
Treaty, PIP Framework and BBNJ Agreement3 is that users are
required to account for their uses of the covered biological materials
and share any monetary and non-monetary benefits that flow from
utilising those materials (Lawson, 2012, pp. 1-22). The foundational
example that inspired the original CBD imagination and reflected in
the later forms of regulation was the agreement for access to
Costa Rica's rainforests to discover active chemicals in exchange for
money payments, and the transfer of technology between the
National Biodiversity Institute of Costa Rica and the United States
pharmaceutical company Merck (see Svarstad, 1994, pp. 53-54).
Unfortunately, these CBD, Nagoya Protocol, Plant Treaty and PIP
Framework ABS schemes have not delivered the expected monetary
benefits (see, e.g., Laird et al., 2020, p. 1202; Prathapan et al., 2018,
p. 1405). And as a direct response, the recent Kunming-Montreal
Global Biodiversity Framework has mandated that ‘by 2030, facilitat-
ing a significant increase of the benefits shared, in accordance with
applicable international access and benefit-sharing instruments’
requires action to deliver substantially more monetary benefits
(CBD, 2023, [114] and Decision 15/4, [1] and Annex (Target 13)).
How this will be achieved is currently being intensely negotiated in
the various ABS forums with a focus on applying the same kinds of
ABS ideas about tangible physical materials to some information and
knowledge about those tangible physical materials (see, e.g., Scholz
et al., 2023; Ebert et al., 2023; Lawson et al., 2020, 2019; Humphries
et al., 2021). The role and place of similar claims under the UNESCO
Convention and UNDRIP are also being addressed although they are
still poorly characterised (Fredriksson, 2021; Lawson, 2017; Lawson
et al.,, 2023).

The purpose of this article is to engage with some of the chal-
lenges posed by Al to the ABS ideal that information and knowledge
can be followed, and benefits be fairly and equitably shared. Recall
that ABS is founded on the proposition of benefits flowing from utili-
sation being the action of making practical and effective use of the
accessed resource or information and knowledge (Humphries
et al., 2021). In this formulation track and trace means an ability to fol-
low the accessed materials and identify each step of their journeys
into the hands of those required to share benefits, like a parcel being
tracked and traced from the warehouse to the consumer's home
(Humphries et al., 2020, p. 4). Meanwhile, traceability means the abil-
ity to find the origin of the accessed materials in the hands of those
required to share benefits by following back to the origin, like a car
manufacturer recall where the car can be traced to the manufacturer

3Being ‘genetic resources’ (CBD, 1992, Articles 2 and 15; CBD, 2014, Articles 2 and 5), ‘plant
genetic resources for food and agriculture’ (FAO, 2001, Articles 2 and 13), ‘genetic
sequences’ and ‘genetic sequence data’ (WHO, 2011, Articles 4.2 and 5.2 respectively) and
‘marine genetic resources’ and ‘digital sequence information on marine genetic resources’
(GA, 2023, Articles 1.8 and 14).
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FIGURE 1 The regulatory complex governing information and knowledge about the access and uses of covered biological materials. The

existing ideal under TRIPS is that all information and knowledge is open and accessible unless restricted by intellectual property. Under the CBD
and Nagoya protocol (and various related kinds of information and knowledge under the high seas agreement, the plant treaty and the PIP
framework) there are binding and onerous legal obligations for the users of information and knowledge for ‘digital sequence information’ and
‘traditional knowledge’. Distinct and separate schemes for ‘cultural property’ under the UNESCO convention and indigenous Peoples' ‘cultural
heritage, traditional knowledge and traditional cultural expressions’ (often termed data sovereignty) under UNDRIP with an uncertain overlap
with the CBD, Nagoya protocol, high seas agreement, plant treaty and PIP framework schemes although all (presently) consistent with TRIPS

(Lawson et al., 2023, 2024).

when there is a problem (Humpbhries et al., 2020, pp. 4-5). This is a
challenge with some history. CBD negotiators, and especially the G77
plus China (Brand et al., 2008),*

and compliance mechanisms on users with some success including the

have tried to introduce monitoring

Nagoya Protocol imposing some obligations on Parties to ensure com-
pliance with ABS obligations in their jurisdiction (CBD, 2014, Articles
15-16), checkpoints (CBD, 2014, Article 17.1), compliance certificates
(CBD, 2014, Article 17.2) and dispute resolution mechanisms
(CBD, 2014, Article 18). Other forums have now added to this moni-
toring and compliance through a system of identifiers under the BBNJ
Agreement to trace the results of research and development back to
the originally collected materials and some of the associated informa-
tion (see Humphries, 2024), a patent disclosure requirement for some
inventions based on biological materials and associated traditional
knowledge (see WIPO, 2024, Article 3; Nolff, 2024) and recognising
the rights of Indigenous Peoples to associated Traditional Knowledge
(see CBD, 2014, Articles 7 and 12; Lawson et al., 2023). None of
these has settled on a mechanism for track and trace or traceability
(see Humphries, 2024; Richerzhagen, 2014, pp. 141-142; Bavikatte &
Robinson, 2011, pp. 47-48), and notably, the CBD and Nagoya Proto-
col forums accept that ‘tracking and tracing of all digital sequence

information on genetic resources is not practical’ (CBD, 2023, [143]

“Notably the CBD draws a distinction between low- and high-income countries (using the
terminology ‘developing’ and ‘developed’ respectively): see CBD, 1992, Preamble, Articles 8
(m), 9(e), 12, 16(4), 17(1), 18(2), 19(1) and 20.

and Decision 15/9, [5]). The ABS ideal remains that any uses of the
accessed biological materials and any associated information that are
used in a way that generates benefits should be shared back to the ori-
gin sources of the biological materials - a simple ideal of accounting
for and sharing the benefits.

This article speculates that Al applications pose challenges for
data input in three distinct scenarios: (1) data used to train the Al
models; (2) data used to test (and verify) the Al models; and (3) data
used in applying the models to reveal useful patterns. Building in
‘explainability’ to the Al algorithms to account for the uses of infor-
mation and knowledge may be a solution, at least in part, delivering
on fair and equitable ABS, although this seems limited given the un-
explainability of most Al models (see Lipton, 2018). The article first
clarifies the ABS Al issues setting out key context and concepts and
establishing the problem as ‘explainability’. After that, the analysis
engages with the ideal of explainability before setting out a discussion
about the current proposals to regulate information in the CBD and
other forums. The article concludes that Al presents an existential
challenge for ABS because of: (1) the need for many contracts in dif-
ferent forms to deal with the different sources and uses of informa-
tion and knowledge likely resulting in the ‘tragedy of the anti-
commons’; and (2) how to deal with information and knowledge that
has no identifiable originator or owner resulting in ‘orphaned informa-
tion and knowledge’. As such, Al is yet another lacuna for ABS regula-

tion that will require specific attention to ensure the ideals of ABS are
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sustainable and can deliver real benefits without the dulling burden of

inefficient and ineffective regulation.

2 | THE DATA PROVENANCE PROBLEM?
The essence of Al is the goal of machines replicating human intelli-
gence rather than a definition per se (McCarthy et al., 2006, p. 12; see
also Turing, 1950; Buchanan, 2005; McCorduck & Cfe, 2004). In
recent times a working definition of Al is ‘the creation of intelligent
systems that can perform tasks that would normally require human
intelligence, such as learning, problem-solving, and decision-making’
(Holzinger et al., 2023, p. 17).> This broad scope is usefully distin-
guished from the subfield of machine learning (ML) which is ‘training
digital computers to perform tasks without explicit instructions, using
patterns and insights from data’, and the subset of deep learning (DL,
often termed Artificial Neural Networks) that ‘uses artificial neural
networks with many layers to learn and make decisions ... particularly
useful for tasks that involve analysing large amounts of data’
(Holzinger et al., 2023, p. 17; see also Sah, 2020; LeCun et al., 2015).
Figure 2 illustrates the useful conceptual distinctions (see also Haupt
et al., 2022; Segessenmann et al., 2023) and Figure 3 illustrates the
process (technique) distinctions between ML and DL. The key point
for our purposes is that ML and DL bring together large and often dis-
parate data sets and then apply an Al model to an analysis of these
data sets atomising those data sets using some data and not others in
making the ultimate predictions.

The foundation of these Al, ML and DL processes is mathematics
using the language of numbers and formulas. These are applied
through linear algebra (vector spaces and linear equations), statistics
(collecting, analysing and interpreting data) and calculus (derivatives
and integrals for rates of change and optimisation) using learned
adjustments (by creating, classifying, linking and weighting data)
through the network (layers) so that internal hidden units based on
the learned adjustments affect the outputs (see, e.g., Widrow & Lehr,
1990). The key point is that these are machines based on mathematics
that detect patterns to make useful decisions without any under-
standing of the underlying meaning or significance of the data in the
way a human might understand meaning or significance (see Plebe &
Grasso, 2019, pp. 526-528; Marcus, 2018, pp. 5-14).

The distinction between ML and DL reflects the techniques
applied to data: ML uses computers with algorithms applying rules to
analyse data and draw inferences applied to generally structured data
sets and makes simple correlations between data points - in other
words, ML reveals underlying patterns within data sets (Sah, 2020,
p. 1); while, DL layers computer units and algorithms into an (artificial)
neural network that uses connections and connection weights learned
from training data to make complex, non-linear correlations between
data points - in other words, DL reveals through the processing of
multiple layers, representations of abstracted data (LeCun et al., 2015,

p. 436; see also Segessenmann et al., 2023, pp. 3-9). ‘Deep learning

5For an overview of definitions see Collins et al., 2021, pp. 6-7.

The distinctions between Artificial Intelligence (Al), Machine Learning (ML) and Deep Learning (DL).

Artificial Intelligence (Al)
Solving problems with computers and data

Machine Learning (ML)
Computers using data to learn
from experience

Deep Learning (DL)
Applying Machine Learning
techniques that layer
computing units and algorithms into
artificial neural networks

FIGURE 2 The kinds of artificial intelligence. The useful
conceptual distinctions between artificial intelligence (Al), machine
learning (ML) and deep learning (DL).

... is essentially a statistical technique for classifying patterns, based
on sample data, using neural networks with multiple layers’
(Marcus, 2018, p. 3). The ‘deep’ in DL refers to the increasing number
of processing layers applying connections and connection weights to
the input data, most often in hidden layers, mapping the inputs
to desired outputs. More training data improves the connections and
connection weights to set the structure applied to the input data,
and theoretically, with enough training data any input data can be
mapped with sufficient generalisation to be intelligent - ‘deep neural
networks can approximate every conceivable input-output mapping,
and in principle a huge amount of cognitive tasks can potentially be
formulated as a classification problem’ (Tsimenidis, 2020, p. 3). The
training data can be structured data (e.g., numerical data in tabulated
forms) or unstructured data (e.g., texts and images) depending on the
ML or DL model and the learning can be supervised, unsupervised
and reinforced depending on the internal parameters of the algorithm
being adjusted according to the known input and associated output
data, adjusted according to patterns and similarities determined by
the algorithm itself and adjusted according to reward and incentive
feedback imposed on the algorithm respectively (see Hesami
et al., 2022, pp. 3509-3511). The learnings from one ML or DL model
can also be used as further inputs to other ML and DL models as
transfer learnings (see Agarwal et al., 2021).

Al has already proven its application in drug discovery (see,
e.g., Dara et al.,, 2022; Sellwood et al., 2018), functional and structural
genomics (see, e.g., Caudai et al., 2021; Lin & Ngiam, 2023), proteo-
mics (see, e.g., Xiao et al., 2021; Mund et al., 2021), metabolomics
(see, e.g., Petrick & Shomron, 2022), phenotyping (see, e.g., Fiorani &
Schurr, 2013; Tester & Langridge, 2010), plant breeding (see,
e.g., Yoosefzadeh Najafabadi et al., 2023; Hesami et al., 2022), phar-
macology (see, e.g., van der Lee & Swen, 2023), pharmacogenetics
and pharmacogenomics (see, e.g., Roche-Lima et al, 2020; Lin
et al,, 2020), systems biology (see, e.g., Reel et al., 2021) and so on
(see also Bhardwaj et al, 2022; Dixon et al., 2022; Kim, 2019;
Oliveira, 2019). Both ML and DL, however, pose problems for ABS
because ABS requires the end user to be able to follow data back to

an originating source, either proving that information and knowledge
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about the genetic resource (or Traditional Knowledge associated with
the genetic resource) was the source or disproving it as a source
(including that no source is known), for the purposes of benefit shar-

ing. This arises in three distinct ABS scenarios:

1. Training data - Linking the training data in the dataset about the
original genetic resources to the change in internal parameters that
affect the later application of the ML or DL model. This is because
the data in the dataset is not linked to the end user product or ser-
vice although it affects how the data in the dataset about the origi-
nal genetic resources links the information in the end user product
or service after the ML or DL model has been trained or applied.
All the (input) training data will be used because that is the data
that establishes the patterns (for ML) and weightings (for DL).

2. Testing (and verification) data - Applying the testing (and verifica-
tion) data to the trained ML or DL models to test and verify the
already trained internal parameters that affect the later application
of the ML or DL model to evaluate the qualities of the ML or DL
model (usually their predictive performance or validate their pre-
dictions). This is because the data in the dataset while not neces-
sarily linked to the end user product or service tests (or verifies)
the original genetic resources linked to the information in the end
user product or service after the application of trained ML or DL
model to a dataset. Again, all the (input) testing (and verification)
data will be used because that is the data that confirms or adjusts
the patterns (for ML) and weightings (for DL).

3. Using the models - Linking the data in the dataset about the origi-
nal genetic resources to the information in the end user product or
service after the application of trained and tested (or verified) ML
or DL to the dataset. This is because the data in the dataset is
linked to the end user product or service either as the prediction
revealed by the ML and DL application or the pattern or weighting
imposed by the training or testing (and verification) data on the
ML or DL application. Importantly, this is both the data set to
which the ML or DL is applied (so, using the model) and the effects
of the training or testing (and verification) data on the ML or DL

application.

The ABS ideal anticipates evidence of provenance and an explanation
between the original biological materials and uses/users. Benefit shar-
ing then also anticipates some quantification of the uses of the origi-
nal biological material in the product or service delivering benefits
including the quantity or quality of the information and knowledge
associated with those physical materials embodied in the product or
service. ML and DL all have problems with proving a satisfactory prov-
enance or an explanation for the sources of information (inputs) that
contribute to the outputs. Generally, ML models are easier to explain
than DL because they are easier to comprehend and self-interpret
(using, for example, rule sets or decision trees), although some ques-
tions remain unanswerable (Doshi-Velez & Kim, 2017), and they are
commonly termed glass (or white) box or grey box problems depend-
ing on their degree of explainability (Ali et al., 2023, pp. 2-3). Gener-
ally, DL models cannot provide explanations (or reasons) for the
output, and this is commonly called the black box problem (see,
e.g., Castelvecchi, 2016; see also Rudin, 2019). This is because DL
models (and also many ML models) process numbers that have been
applied to extracted features and vectorisation that represent the
input data objects and these are then processed to identify statistical
regularities among the numbers rather than qualitative relationships
like causation, hierarchy, and so on (see Marcus, 2018, pp. 5-14).
These statistical regularities between the quantitative relationships
among the numbers cannot be explained in any meaningful way for
human  comprehension, hence the black box problem
(Tsimenidis, 2020, p. 7). While some ML models may be readily
explainable, more complex models can transcend human cognition
making them also unexplainable (see Lipton, 2018, p. 3). While the DL
models (and many ML models) may never satisfy human meaningful
explanations (or reasons) for the outputs, some measures of explana-
tion (or reasons) may be possible.

Explainability (often termed ‘eXplainable Al’ or ‘XAI’) is under-
stood in contrast to interpretability, although these terms are often
used interchangeably (see Linardatos et al., 2020, pp. 2-3). There is a
difference between ‘interpretation’ as ‘the mapping of an abstract
concept (e.g. a predicted class) into a domain that the human can

make sense of’ and ‘explanation’ as ‘the collection of features of the
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interpretable domain, that have contributed for a given example to
produce a decision (e.g., classification or regression) (Montavon
et al,, 2018, p. 2; see also Ali et al., 2023, p. 8; Guidotti et al., 2018,
p. 5). Put slightly differently, ‘interpretation’ is opening the black box
(or grey box) to understand how the model works (a technical
question® - generally an ante hoc interpretation) and ‘explanation’
is understanding what the model does (a representation
question - generally a post hoc explanation) (Berry, 2024, p. 137;
Lisboa et al., 2023, pp. 28-30; see also Ali et al., 2023, pp. 7-8;
Guidotti et al., 2018, p. 5).” This treats these terms differently, and for
our purposes, explainability means the capacity of black-box Al
models to be explained using any external means such as visualisa-
tions that are self-contained and do not need further explanations
(Guidotti et al., 2018, p. 5).

A further refinement is ‘transparency’ as the ‘model is ... by itself
.. understandable’ and ‘understandable’ as ‘the characteristic of a
model to make a human understand its function - how the model
works - without any need for explaining its internal structure or the
algorithmic means’ (Arrieta et al., 2020, pp. 84-85). In other words,
‘transparency can make incomprehensible systems interpretable, and
explainability can make interpretable systems understandable’ (empha-
sis in original) (Verhagen et al., 2021, p. 122; see also Bellucci
et al,, 2021, p. 241-250; Vilone & Longo, 2020). A further problem is
that the ML and DL outputs also have to be understandable to
humans, and if the outputs are not, then those outputs need to be
made human understandable so they can be useable and useful
(Holzinger et al., 2019, pp. 3-4). This has been addressed through a
range of other terminologies that remain under development: causal-
ity, completeness, informativeness, justifiability, reliability, responsibil-
ity, reversibility, satisfaction, simplicity, transferability, trustworthiness
and so on (Ali et al., 2023, p. 8 and the references therein). The conun-
drum is that generally unexplainable DL models are more accurate
(deliver better predictions, recommendations or classifications) than
more generally explainable ML models with a trade-off between accu-
racy and explainability (Ali et al., 2023, p. 8).8 So, what actually is
explainability or XAI?

3 | EXPLAINABLE Al (OR XAl)

While explainability has attracted a considerable research effort, there
is no universally accepted definition of explainability.” The terminology

and conception of the black box problem is generally tied to the kinds

$So, interpretation is understanding the mechanics of a car, but explainability is
understanding that a car can take you from location A to location B

7Ante hoc interpretation: Someone can explain to you how your car works using a scale
model of a combustion engine (therefore, you know how it works). Post hoc explanation: You
can see that the car got you from location A to location B (therefore, you now know what it
does).

8But also see Rudin et al., 2022, p. 6 (‘there is no scientific evidence for a general trade-off
between accuracy and interpretability’).

“See, for examples, Al-Ansari et al., 2024; Hassija et al., 2024; Ali et al., 2023; Saranya &
Subhashini, 2023; Lisboa et al., 2023; Yu, 2023; Li et al., 2022; Samek et al., 2021; Burkart &
Huber, 2021; Confalonieri et al., 2021; Vassiliades et al., 2021; Alicioglu & Sun, 2022; Das &
Rad, 2020; Arrieta et al., 2020; Fernandez et al., 2019; Mueller et al., 2019; Guidotti

etal,, 2018; and so on.

of application with strands of research focussing on medical diagnosis
(see, e.g., Gondocs & Dorfler, 2024; Al Kuwaiti et al., 2023), insurance
and financial services (see, e.g, Nallakaruppan et al., 2024),
autonomous vehicles and transportation (see, e.g., Kuznietsov
et al., 2024; Tekkesinoglu et al, 2024), law and law enforcement
(see, e.g., McGregor Richmond et al., 2024; Vale et al., 2022),
bioinformatics (see, e.g., Biswas et al., 2023), military applications (see,
e.g., Szabadféldi, 2021), employment decisions (see, e.g., Chan, 2024)
and so on. Generally, more critical decisions require more explanation
and often there are specific requirements for a particular application
(Burkart & Huber, 2021, p. 250). More broadly for our purposes,
explainability has a legal dimension (rules and requirements that
account for the rationale of the decision) and a technical dimension
(the criteria or thresholds). For example, a legal decision requires a jus-
tification through reasons for the particular output decision rather than
a necessarily causal understanding of how the algorithm produced an
output, so the focus of explainability is on reasons (McGregor
Richmond et al., 2024, p. 7). In contrast, a medical diagnosis merely
requires a technical assessment of the diagnostic criteria as a scientific
understanding rather than how a specific outcome was arrived at
(Gondées & Dorfler, 2024). In other words, the requirements for
explainability also depend on the context for requiring an explanation.

The main forms of the XAl research effort have been on strate-
gies for explanation. These include comprehensible text explanations
(Lipton, 2018, pp. 15-17), mathematics accounts (Ribeiro et al., 2016,
pp. 1137-1,140), visualisations (Lipton, 2018, pp. 17-18) and so on
(see Ali et al., 2023, p. 6 [Table 1]), with various classifications such as
application-grounded, human-grounded and functionally-grounded
(Doshi-Velez & Kim, 2017, p. 2), taxonomies of methods (Gilpin
et al, 2018, p. 86), taxonomies of types of problems (Guidotti
et al., 2018, p. 11) and so on (see Molnar, 2020). In a practical sense,
and as a generalisation, XAl are a set of procedures and techniques
(sometimes called methods) that can be either or both applied to
and/or integrated into ML and DL models to make them explainable,
although the suitability of explanations will always depend on the
kinds of user needing the explanations, and what it is they want to
know (see Ali et al, 2023; Arrieta et al, 2020; Ribera &
Lapedriza, 2019). This is, of course, only a generalisation and ABS is a
specific context for XAl

Recalling the ABS problem addressed by this article is about the
end user being able to follow back information and knowledge to an
originating source to either prove that information or knowledge
about the genetic resource (or Traditional Knowledge associated with
the genetic resource) was the source or disprove it as a source (includ-
ing that no source is known) (section 2). Put another way, explana-
tions need to facilitate the exercise of the data originator's ABS
interests in the original biological materials embodied in the input and
output data, being the data used to train, test and then use the ML
and DL models. Characterised this way the explainability question
then is about accounting for what information and knowledge is
actually used, distinguishing the information and knowledge subject
to ABS from other information and knowledge so that benefit sharing

can be appropriately addressed.



LAWSON ET AL.

A useful categorisation of the procedures and techniques
(or methods) for these assessments is to consider the dimensions of
the ML and DL models®®: data explainability about the kinds of data,
data distributions, data inferences and so on, that are used in the
training of ML and DL models; model explainability about the parame-
ters, objectives and actions of the ML and DL model including what is
taken into account and what is rejected; post hoc explainability about
the various text, visual explanations and features accounts for how
and why a model generated a particular output; and, an assessment of
explainability about evaluating the quality of explainability (see Ali
et al., 2023, pp. 10-34; Burkart & Huber, 2021, pp. 253-298). The
key point being that ML and DL models are explainable either because
they intrinsically include a level of explainability through constraints
imposed on the complexity of the model (called intrinsic explainabil-
ity), or procedures and techniques (or methods) are applied after the
models are trained to explain the outputs (called post hoc explainabil-
ity) (Carvalho et al., 2019, p. 12).* For ABS to be successful and the
benefits from using the information and knowledge to be fairly and
equitably shared, the ML and DL models need to account for their
uses of data (from the information and knowledge).

There are many approaches to intrinsic and post hoc explainabil-
ity. The particular approach will depend on the specific requirements
of the end users. Data scientists and developers are probably more
interested in intrinsic explainability about model performance while
domain experts and end users are probably more interested in post
hoc explainability about how and why a model generated particular
results and conclusions (Ali et al., 2023, p. 9). For post hoc explainabil-
ity there are generally two approaches: local explanations that focus
on the data and provide individual explanations for specific outputs,
and global explanations that focus on the model and provide some
understanding of the mechanisms by which the model works. The
point is that explainability is possible either driven by the type of ML
and DL model (intrinsic explainability) or the procedures and tech-
niques (or methods) that are applied after the models are trained (post
hoc explainability). And importantly for ABS, XAl will need to engage
with the specific context so that the data uses can be explained
(including quantified) to ‘determine the extent to which a particular
input was determinative or influential on the output’ (see Doshi-Velez
et al,, 2017, p. 4). Presumably, where input data is not used (there are
no connections) then it would be unfair to treat this the same way as
treating data that is used. Further, when combining data from multiple
sources that is then used with different weightings then different
claims to the shares of benefits might be expected with a greater
share going to those whose data is more determinative or
influential. Importantly, however, this also means that the context of
ABS will need to be factored into making the ML and DL models
explainable.

1%These are not settled and there are others: see, e.g., Sheh & Monteath, 2018;

Preece, 2018.

11Again, there is variation in this terminology, some making the distinction between, e.g., ex
ante transparency (intrinsic explainability) and ex post transparency (post hoc explainability):
see House of Lords, 2018, p. 38.
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There is some evidence that ABS schemes in domestic laws have
reduced the collection of physical biological materials and the uses of
information and knowledge, and predominantly information in publicly
available databases (see, e.g., Engels et al., 2024; Michiels et al., 2021;
Prathapan et al., 2018). This reflects the increasing complexity and
costs in complying with the ABS obligations (Ebert et al., 2023;
Hampton, 2023; Michiels et al., 2021) and the apparent regulatory
gap in the current ABS schemes for information and knowledge (see,
e.g., Mulatinho Simoes & Birchfield, 2024; Bond & Scott, 2020;
Lawson et al., 2020). The response in the various CBD, Nagoya Proto-
col, Plant Treaty, PIP Framework and BBNJ Agreement forums has
been to extend ABS to information and knowledge (and associated
Traditional Knowledge) (see Lawson et al., 2024). The recent Kun-
ming-Montreal Global Biodiversity Framework in the CBD and Nagoya
Protocol forums mandated finding ABS solutions to significantly
increasing the benefits shared (CBD, 2023, [114] and Decision 15/4,
[1] and Annex (Target 13)) and more recently decided on a multilateral
fund (called the ‘Cali Fund’) from taxing certain users of ‘digital
sequence information on genetic resources’ (CBD, 2024, Decision
16/2, [1] and [2]). The Plant Treaty forum is also considering a pack-
age of measures including monetary benefit-sharing from the use of
‘digital sequence information/genetic sequence data’ (Working Group
on Multilateral System, 2024a, 2024b) and the BBNJ Agreement
explicitly includes benefit-sharing for ‘digital sequence information on
marine genetic resources’ (GA, 2023, Article 10.1).*2 Each forum is
seeking a solution for only some categories of information and knowl-
edge essentially creating two forms of regulation and four ways to
limit information and knowledge that would otherwise be open and
accessible unless limited by intellectual property claims®®: (1) Bespoke
terms and conditions for information and knowledge in contracts for
accessing biological materials (including associated Traditional Knowl-
edge) under the CBD and Nagoya Protocol that is not ‘digital
sequence information on genetic resources’; and (2) a multilateral
mechanism for some information and knowledge (and some associ-
ated Traditional Knowledge): (i) under the CBD and Nagoya Protocol
that is ‘digital sequence information on genetic resources’; (i) under
the Plant Treaty that is ‘digital sequence information/genetic
sequence data’; and (iii) under the BBNJ Agreement that is ‘digital
sequence information on marine genetic resources’.’* A common
theme among all these regulatory forms and forums is that users of
information and knowledge of covered biological materials may be
subject to limits on using data that are bespoke or multilateral terms
and conditions depending on the origins (within or beyond national

jurisdictions: CBD, Nagoya Protocol or BBNJ Agreement) or forms of

12|y another forum the World Health Organisation of the United Nations is negotiating an
agreement dealing with ABS for ‘digital sequence information’ and pathogens: see

Rourke, 2024.

13Noting that the PIP Framework provides that ‘genetic sequence data’ of influenza viruses
with human pandemic potential should be made available in public-domain or public-access
databases: WHO, 2011, Article 5.2.2.

14Although this might change for other forms of information and knowledge if the
Conference of the Parties determines different modalities: WHO, 2011, Article 14.7.
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the material (influenza viruses with human pandemic potential, plant
genetic resources for food and agriculture, or other: CBD, Nagoya
Protocol, PIP Framework or Plant Treaty). The following discussion
focusses on the CBD and Nagoya Protocol using bespoke contracts
for information and knowledge (and associated Traditional Knowl-
edge) that is not ‘digital sequence information on genetic resources’.
This is because, presumably, the CBD and Nagoya Protocol, Plant
Treaty and BBNJ Agreement multilateral systems will develop their
own modalities including for dealings with the ‘digital sequence infor-
mation’ clusters they have identified. The main point here is that
these clusters will need to clarify the scope of information and knowl-
edge as there is no consensus about what these ‘digital sequence
information’ terminologies mean. For example, the CBD forum has no
definition of ‘digital sequence information on genetic resources’ and
the agreed processes for negotiating the modalities includes taxing
profits of revenues of ‘[u]sers of digital sequence information on
genetic resources in sectors that directly or indirectly benefit from its
use in their commercial activities’ (CBD, 2024, [1] and Annex, [3]) with
those taxes going to the multilateral Cali Fund (CBD, 2024, Decision
16/2, [1]). This might be a narrow scheme covering just DNA
sequences in some publicly accessible databases, although it could
also be very broad with the scope of ‘digital sequence information on
genetic resources’ encompassing DNA sequences, RNA sequences,
amino acid sequences and perhaps even associated phenotypic and
environmental data (see CBD, 2020, [11]).

Returning to the CBD and Nagoya Protocol using bespoke con-
tracts for information and knowledge (and associated Traditional
Knowledge) that is not ‘digital sequence information on genetic
resources’. The increasing scope and scale of datasets available make
ML and DL exciting prospects for biology (see, e.g., Holzinger
et al., 2023). The analysis in this article so far shows that data made
available as training data, testing (and verification) data and data used
in particularly opaque black box ML and DL models are problematic
for ABS because the causal link (the evidence of provenance and an
explanation) between the original biological materials and uses/users
is not clear. And as the scale of data sets with disparate origins
increases this is likely an even bigger problem in the future. There are
then two parts to this problem in developing regulation: (1) negotiating
the ownership status to use the input data with each data owner for
training, testing (and verifying) and using the models (although a fur-
ther complication here is that most data is without an owner because
it is already open and free as a public domain without intellectual
property restrictions - so-called ‘orphaned information and knowl-
edge’); and (2) following the data per se through the ML and DL
models (explainability).

These are overlapping problems that would be resolved by
comprehensive explainable DL and ML models facilitating track and
trace or traceability. In those circumstances, each of the owners of
the input data would reach an agreement of the particular quantities
and qualities of the data in the distinct ABS scenarios with each of the
users. This is then simply an efficiency problem of stacking the input
data contracts and reconciling the various terms and conditions of use

in the outputs, including benefits to be shared with each input owner.

As the analysis shows, explainability may be possible so that, depend-
ing on the particular DL and ML models, the uses of information and
knowledge for training, testing (and verification) and model applica-
tion can be determined, contracts agreed and the benefits shared. The
analysis also revealed that this is complicated, such as intrinsic and
post hoc explainability and the specific context of the explainability
user and may require careful consideration in developing the DL and
ML models. Whether this might be specific programming code
requirements, visualisation standards, text explanations, classifications
and so on, will need to be considered and may not necessarily be
resolved by a single or uniform standard applicable to all ML and DL
models. Put simply, the forms of explainability depend on the kinds of
explanations required by particular users and these explanations
about the sources and specific uses of data will also have different
forms depending on the training, testing and uses in ML and DL
models. A further consideration will be reach-through terms and con-
ditions applying to future uses of the ML and DL model outputs (pre-
dictions) and the requirements to further deal with those
outputs subject to those reach throughs and seeking to avoid the
‘tragedy of the anti-commons’ - the underuse of scarce resources
because too many owners can block each other for future uses
(Heller & Eisenberg, 1998).

Where comprehensive explainable DL and ML models are not
possible, and the causal link between the original biological materials
and uses/users is not apparent, then contracts between the owners of
the input data (that is not in the public domain) and each of the users
are likely to be particularly difficult. Such contracts can no longer
focus on the quantities and qualities of the data in the distinct ABS
scenarios but instead make assumptions about uses and the contribu-
tions to the ML and DL model outputs (predictions). The result will be
that all data owners with input data for the training, testing and uses
in ML and DL models will likely make broad claims to the outputs and
the benefits are unlikely to address actual causal contributions from
original biological materials. Again, reach through terms and condi-
tions applying to future uses are then likely to be even more restric-
tive aggravating the ‘tragedy of the anti-commons’. As alluded to
above, a further complication for the large datasets is that most data
are likely without an identifiable owner because the information and
knowledge are already open and free in the public domain without
intellectual property restrictions - so-called ‘orphaned information
and knowledge’. All this information and knowledge from biological
materials would have had an originating owner at some stage.
Without a clear provenance, there will always be potential claims
from possible owners and these pose considerable reputational risks
and informal regulation as users seek to comply with soft law mea-
sures like journal requirements, institutional research frameworks,
database submission requirements and so on (see MacDonald, 2025;
Sherman & Henry, 2020). The same problems are apparent from copy-
right orphaned works where a work cannot be used without permis-
sion and the copyright owner cannot be located (see, e.g., Sarid &
Ben-Zvi, 2023). The same kinds of concerns will apply to information
and knowledge that is UNESCO Convention ‘cultural property’ and
UNDRIP ‘cultural heritage, traditional knowledge and traditional
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cultural expressions’ (see Lawson et al., 2023). These are potentially
significant consequences for biology-based research and the commer-
cialisation of biology-based products and services.

While the multitude of contracts and problems of explainability
might be characterised as another instance that will dull the quest to
collect physical biological materials and use of the resulting informa-
tion and knowledge, it might also be an opportunity to reconsider
ABS. This can take into account a broader range of perspectives with
a renewed focus on conservation, equity and a regulatory form more
relevant to the kinds of benefits that suit the political and economic
realities of communities (Halewood et al., 2023; Leskien, 2023; Scholz
et al., 2023; Wynberg, 2023). More broadly, this is also an opportunity
to (re)organise the biosciences in ways that the wealth and value of
biological materials and the associated information and knowledge is
distributed.

5 | CONCLUSIONS

This article shows that Al, ML and DL processes, specifically black
box ML and DL, are problematic for ABS. A careful resolution will be
necessary to avoid the dulling effect on research and development
from imposing overly onerous obligations on using data. As always,
the challenge is finding common ground between facilitating seam-
less research and development with free and open access to the
physical material, information and knowledge inputs and delivering
on conservation and equity. This is also an opportunity to revisit ABS
with a refreshed enthusiasm to address research and development in
the context of the kinds of benefits that suit the political and
economic realities of communities - real fair and equitable benefit
sharing.
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