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Artificial Intelligence Law and Justice Course Session 26: The topic here is Explainable
Al in Law and Justice.
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win Recap
* In the last session we discussed Explainable Al
(ExAI) and the need for it
» We discussed issues including translating
Explainable Al into law and policy
» We highlighted different approaches in ExAI
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In the last session, we discussed Explainable Al (XAI) and the need for it; we also
discussed issues in translating that into law and policy, and we highlighted different
approaches to Explainable Al In this class, we will move from a very general perspective



to very specific issues seen in law and justice, and then discuss why we need XAl in law

and justice.
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TG Introduction to Explainable 7o)
e Al in Legal Contexts ey

* Role of Explanations in Law
Judges write opinions to explain decisions
Government agencies provide reports for
denied benefits

Credit lenders inform applicants about denial
reasons

* Functions Supported by Explanations
» Right to appeal adverse decisions
Transparency in government decisions
Building public trust in institutions
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The role of explanation in law is very important because judges write pages of judgments
trying to tell us why they decided the matter in such a way, what the rationale is, and
more importantly, what the binding precedents are, which case laws they referred to,
what the legal principles are, and what the constitutional principles are; and then even if
the judge dissents, that dissenting judge also has to record his or her reasons in detail. So,
it connects to the right to appeal, and transparency, people only understand things when
they are explained to, or only when they know why; or can say that they know why this
decision has been made this way. So, that they will be able to either appeal it, accept it,
contest it in part, or contest it in full. So, explainability is part and parcel of legal
decision-making, and it is inevitable that any use of Al in law and justice has to take this
into account.




- Risks of Automated Decision- (O)
Making Systems

* Risks of Automated Decision-Making Systems
» Legal systems may become opaque 'black boxes'

» Individuals may not understand the basis of
decisions

® Policymakers' Response
» Creating rights to explanation of automated
decisions
e California Privacy Protection Agency's Draft
Regulations
» Businesses must inform consumers about the 'logic’
of decision-making technologies

Explanation of 'key parameters' and their application
in decisions
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But as we have seen, there are a lot of risks associated with automated decision-making
systems. We have seen it again and again, and one of the ways the legislators and
policymakers come to grips with that is to let the ADMs, or automated decision-making,
or algorithmic decision-making, or a black box; that black box cannot be allowed to
function as is; we need to open it up, we need to pierce the veil. So, the California
Privacy Protection Agency has come up with draft rules where they say businesses
should inform the logic behind the decision-making and provide an explanation of key
parameters, and then application's decisions should be made known to the consumers.

Bridging Computer Science & Law 3%
» Key Parameters in Algorithmic Explanations
* Definition and importance remain unclear

* Bridging Computer Science and Law
Developing a legal framework for XAI

® Three-Step Approach
» Presenting a taxonomy for legal explanations

* Applicable to various legal areas and Al
systems
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On the other hand, this is not a very simple task because we need to bridge both computer
science and law. Computer science is a hardcore scientific technology discipline, while
law is a discipline that is more social. So, how do we bring them together? One way to do



this is to understand the key parameters and algorithmic explanations. However, as of
now, we are not very sure of that because the definition's importance is not very clear.
Within the whole idea of bridging computer science and law, we can develop a legal
framework for XAI or create something to bridge the two. So, presenting a taxonomy for
legal explanation is feasible, and we are discussing one such taxonomy in this class. And
then this taxonomy can be applied to different areas in law as well as to Al systems.
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Legal-XAI Taxonomy )

¢ Introduction of Legal-XAI Taxonomy

Delineates key factors with practical implementations in
XAI

» Types of Model Explanations for Legal Audiences
Different types categorized into the taxonomy

e Key Factors in the Taxonomy
Scope: Local or global explanations
Depth: Contrastive or non-contrastive explanations
Alternatives: More or less selective explanations
Flow: Explanations as conditional or correlations

* Factors Related to Model Properties
Scope and Depth

* Factors Related to Information Presentation
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So, the legal explainable Al taxonomy, which we are discussing, delineates the key
factors for the practical implementation of explainable Al. So, it looks into different types
of categories in the taxonomy, whether the taxonomy's scope is local or global, which we
saw in the last class, and then depth, whether it is non-contrastive or contrastive, and then
what alternative explanations are available. Then, whether you want to look at the
explanations as conditional or correlational. Conditional is something that occurs if a
condition x is met; if this is met, this happens. So that is conditional. Whereas correlation
is when you link up certain things, whether 4 or 5 factors, and then correlate the decision
with that. So, when you look at correlations, it is different from conditions because
correlation, again, we can say these are closely related or that there is a statistically
significant relationship; therefore, a decision was arrived at. Then what is the scope and
depth of properties we want to understand? And then the factors related to information
presentation are also part of the XAI taxonomy.
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b Scope: Global vs. Local Explanations %
* Local Explanations

Focus on model behavior for specific instances

Crucial for understanding individual
predictions

Examples: healthcare diagnostics, criminal
justice

* Global Explanations
Provide understanding of model behavior
across many instances
Important for regulatory and compliance
purposes
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So the global explanation will look into the general broad model behaviour of the LLM,
how it functions in the broader perspective, its broader decision-making capacities, and
algorithms. This is important to understand from a larger perspective, particularly for
regulatory compliance purposes. In the sense that you want to look at what the insurance
system does, what the banking system does, what the payment system does, or what the
education system does in a broader way, the global explanation is fine and very
important. But when it comes to very specific instances where individuals and groups are
affected, we need to go further down the line and then look at where exactly the module
behaves, in the sense of how the module reasons, takes decisions, and then is able to
explain on what basis. So, to understand the individual predictions as well as decisions,
this is important; for example, in healthcare diagnostics, how exactly the diagnostics Al
or the tool arrived at determining whether this disease is cancer in the second or third
stage, or in the preliminary stage, or if this is exactly the disease or condition. Similarly,
the same applies to criminal justice regarding whether bail should be granted, a person
should be placed on parole, or what exactly the sentence for such an offense should be.
So, the global will give a broader macro perspective, whereas the local will give you the
micro perspective, but you need to balance both, or you need to understand both not as
contrast but as part of the larger ecosystem.
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* Framework for Understanding Explanations
« Conditions for data subjects to demand )
explanations S *:' | A i
* Wide Applicability t :— jo 4 ‘\ my
» Applies to various Al methods !I.l\ ! J!I

* Relevant to multiple legal areas
* Abstract Design for Stability

* Maintains relevance despite rapid Al
innovation
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Having said that, we need to look into how we apply this legal explainable Al taxonomy.
Then what are the frameworks for understanding explanations: conditions for data
subjects to demand explanations? First of all, the data subjects are people who are using
this, or people who are either stakeholders or the ones who are going to be impacted by it.
So, what exactly should they know? This should be applicable to different legal areas,
different Al methods, and then the design should be abstract, but it should be stable
enough because as Al innovation happens at a rapid speed, it should be able to meet

subsequent demands and needs as well.

— 7~  Legal, Technical, & Behavioral ()
- Guidance

¢ Legal Prescriptions for Explanation Methods

» Law may dictate types of explanation methods for
algorithmic decisions

» Examples from credit scoring show varying requirements
based on policy goals

* Technical Implementation by Computer Science

» Research identifies suitable algorithms for specific
explanation methods

* Current eXplainable Al methods can be mapped to the
taxonomy

¢ Behavioral Insights from Empirical Research

» Empirical studies reveal effective and accepted
explanation methods

* Roadmap and software package for comparing methods

in field experiments /j}:‘ AT \
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So legal prescription is something that we need to understand. For example, law may
prescribe or dictate a certain type of explanation for algorithmic decisions. If you take a
typical credit scoring system, it should state what the various requirements are based on



policy goals. For example, if I am going to a public sector bank, public sector banks are
governed by the policy goals of the government. Then, if I am going to apply for a loan
under a specific government scheme, I should first know whether the bank has accepted
and adopted the specific norms when it processes my application. So, the legal
perspective's explanation is that it should be aligned with the policy goal. But if the
algorithm did not take that into account and then treated mine as a general one, then I
would not be able to benefit from the specific rules under which I would have benefitted.
So explainable Al should be able to explain to me why this was given or why this was not
given. Then the computer scientist and the data scientist should be able to decide what
exactly the suitable relevant algorithms are for applying to certain explanation methods.
So, they should tell us how we need to map the algorithms, explainable algorithms with
the overall taxonomy.

Then when we do a lot of empirical research, we will know which explanation models are
more accepted, which are more desired, or what the stakeholders prefer, whether they
prefer one explanation model over others and, if so, for what purpose. So, the software
package for comparing models from field experiments, where we do a lot of field studies
and then ask stakeholders for their perspectives, builds the system with their inputs
regarding what they need from explainable AI. We need to look at that behavioural
guidance so that when we test the system and later run the system, we know that this
could be the explanation often sought, or this is the reasoning, and then this is the
alignment with the policy goals or alignment with the overall loan processing method
people will be able to relate to. So, it is not merely a question of giving explanations in
terms of technical details; it needs to go much further than that.

» Application in Various Legal Areas
Medicaid
Higher education
Automated decision-making

» Al Explanations for Policy Goals

EU AI Act
California's upcoming regulation
* Policy Recommendations
Implementing the taxonomy in the real world *\\i _
¢ .j\

For example, in Medicaid: Medicaid is the U.S. scheme where people get access to
hospitals, something like a government system very similar to what we have in India,
Ayushman Bharat, but the categorization and other things are very different. Similarly,
when it comes to higher education, there could be a system, or there is a system, where



you can automatically apply for a loan and then get benefits, or you can automatically,
using your student enrolment ID, be able to get some benefits. So, these are areas where
automated decision-making may also be possible, but some Acts specifically mandate
explanation or explanatory systems as part of the overall regulation. For example, the EU
Al Act seeks to explain Al as part of its overall framework. Similarly, when California
tried to regulate Al, the idea was to come up with an explainable Al as part of the
regulatory mechanism, but this law was reversed in the sense that it didn't go further. So,
implementing the Al taxonomy in the real world is something we really need to take into
account, and taxonomy, broadly understood, is something like a structure.

= Bridging Legal & Computer
Science Discussions =

Importance of Interdisciplinary Work
Combining law, computer science, and behavioral research
Ensuring societal benefits from algorithmic decision-making
Challenges with Current Laws and Models
Laws not incorporating technical realities
Decision-making models not focusing on data subjects’
interests
* Need for Empirical Evidence
Effective algorithmic explanations in practice
Framework for assessing explanations' effectiveness
Benefits for Policymakers and Computer Scientists
Policymakers: Assessing explanations' intended purpose

Computer scientists: Understanding Al methods' perception
and acceptance
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So, we need a lot of interdisciplinary work. We need to look at the current laws and
models because the problem is that laws are meant for humans, and translating those
models into technical reality will be very difficult. Decision-making models do not focus
on data subjects' interests because data subjects' interests are not the idea of digital
decision-making models. The decision-making models are driven more by algorithms,
statistical patterns, and then statistical consistency with the overall objective of giving a
decision, whereas the law does not take those algorithmic decision-making processes into
practice; it treats everyone as equals and as persons who are entitled to equal rights and
human rights. So, unless the law itself very specifically says that under these
circumstances bail cannot be given, or a loan cannot be given, or this condition cannot be
weighed, incorporating them into the technical thing should be a factor. But then the
algorithmic decision-making, thinking, and rule-making will be very different from what
the law normally says. Then there is a potential contradiction, if not conflict. So, we need
to really have empirical evidence as to how the algorithms work in practice, and then we
need to also assess how the explanations have been really effective. So, we need to do
things first. We need to look at what the effective algorithmic explanations are when they
are put to practical use and then what the framework is for assessing the explanations'
effectiveness in the sense of how effective the explanation given by the algorithm is. So,
for policymakers, both are important, and then computer scientists need to look at the



intricate legal issues involved, as well as how the system interprets certain rules and
whether that interpretation itself can be a direct or indirect violation of the rules.

Empirical Evidence & Practical
Implementation

* Benefits of Fair and Trustworthy Algorithmic Systems
Individuals gain from systems that exhibit fairness

Trustworthiness in algorithms is crucial for user
confidence

¢ Challenges Due to Explainability Gaps
Law and computer science approaches need alignment
Risk of mistakes similar to the Tammy Dobbs case

* Potential Threats of Automation
Automation could erode trust in institutions
Key decisions made by algorithms need transparency

e Goals of Bridging the Explainability Gap
Solving problems related to automated decision-making
Enabling benefits without risking legal institutions
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So, we know the empirical evidence shows that a lot of things can come from it. It can

result in fair and accurate systems, and then the explanatory gaps need to be really filled
in. But when we go for automation and algorithmic decision-making at all levels for all
types of decisions, it will erode trust in institutions because people will ultimately know
that it is algorithms, then machines, and then some crazy computers that run the
organization, not people. So, the explainability gap will always be there when automation
continues, and people are either not fully comfortable with that idea or are unable to have
explainable Al brought in to give them convincing reasons why these decisions are made
this way. So, we need to bridge the explainability gap by making Explainable Al part of
any larger Al system, and we should also enable benefits for the people, but it should be
done without violating any legal rules or laws.



Legal Principles for Al Explanations

* Explanation for Decision Subjects
Helps in making changes after adverse decisions
Underlies parts of U.S. credit legislation and regulation
* Credit Scoring and Pricing
One of the most studied areas of algorithmic decision-
making
Credit scores estimate an individual's creditworthiness
* Major Credit Reporting Agencies
TransUnion, Equifax, and Experian
Calculate credit scores based on various factors
e FICO Score
Standard credit score since the late 1980s
* Importance of Credit Scores
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Then the legal principles for Al explanations are very important. People should be able to
understand changes after adverse decisions. So, whether it's credit legislation or anything
else, people should understand why the decision that was averse to them was taken,
particularly because credit scoring and pricing are among the most studied topics in the
literature. Algorithmic decision-making often scores people's credit history, ranking them
in terms of their eligibility, ineligibility, or eligibility with a higher interest rate.
Additionally, pricing in the sense of whether you're going to go for an insurance policy,
health insurance, or car insurance is very important. So, when you assess
creditworthiness based on algorithms, we also need to look into whether the algorithmic
decision-making makes it difficult for some people to buy on credit, obtain certain
insurance premiums, or access some insurance benefits due to the higher price. This is an
example taken from the USA, but there are many credit reporting agencies. There are also
a couple of agencies in India. So, they share the data with the bank, and then the banks
also process a lot of information that they internally generate. And then these things are
going to the decision-making mechanism. And then there are agencies in the U.S. and
elsewhere where they look at the creditworthiness and credit history of individuals, so the
credit scores ultimately can make or break the decision-making. How do we assess that
the credit scores are being used without any bias and discrimination, and whether the
credit score system itself is being rightly interpreted and applied is something that
Explainable Al will be able to help us understand.



Examples wsife:
® Mandated Explanations for Consumer
Empowerment N

Law requires explanations to help consumers make ‘ -
corrections and change behavior & - g

® Need for Local, Contrastive Explanations W Sa 14
Counterfactual examples involve altering input - : b
feature values

Rest of the features remain unchanged

* Insights from Counterfactual Examples
Observe changes in model’s prediction
Understand factors influencing decision-making

Answer questions like “What if a feature had a
different value?” 4
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And then counterfactuals: earlier we also had a quick look at the counterfactuals. Law
will need that consumers understand all the issues in the sense that if the counterfactual
says, "had it been this way" or "had it been that way," the counterfactual example I give
to you can help you identify why you didn't get it. So, I can change my behaviour, I can
change my policy, or I can change my needs, or I can go for a lower-level loan and then
try to get it again. So, the counterfactual example should be part of Explainable Al not to
give a wrong impression to the consumer but to give the consumer an idea that to
understand this, they should look at the counterfactual perspective and then get a better
view of why this decision is reliable and justifiable. So the counterfactual examples often
result in the observer or the person who is impacted trying to get a better sense or trying
to understand things more, and then they also understand which factors were more
influential in the decision-making, whether his previous history, his overall credit score,
or whether it was that his previous history was not all that satisfactory, or changes in his
financial status over the last 18 months, in the sense that that person lost a job and was
not able to get employment for some time. So, he had a lot of credit card spending dues
but couldn't clear them, so the person would get an idea as to why he or she was not
granted or was not given that loan. So, if the factors that influence decision-making were
available and known, people could change their behaviour; people could be careful in the
future.
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i Context-Specific Approach

* Determining Appropriate Al Explanation Methods
» Legal-XAI Taxonomy aids policymakers and courts
» Helps decide which Al explanation method to use

* High-Level Navigation of Typology
« Ask simple questions to navigate

» Identify factors under control of decision's subject
* Contrastive Methods for Controlled Factors

« Illustrate how changing factors alters prediction
* Audience Consideration

» Determine if explanation is for a broader audience

But explainable Al should also look into very context-specific applications. It should also
look into what sort of audience it is trying to convince. So, the legal XAl taxonomy that
we are talking about should be able to guide policymakers and courts in determining
which Explainable AI model or method they should use.
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w==  Voluntary adoption & guidelines ol
* Voluntary Adoption by Government Agencies —
* Framework can be integrated into existing .
systems '
* Algorithm-Agnostic XAI Methods *
» Adaptable to both newer and described r,
algorithms L SRR

* Guidance for Data Scientists and Engineers

» Ensures models work in legal contexts
* Connects familiar methods to legal goals
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And voluntary adoption: Voluntary adoption of this model by government agencies will
help them to understand. But it is also important that some of the Explainable AI models
should not be algorithm-dependent in the sense that they should not be tailored to certain
patterns of algorithms or certain algorithms. Having an Explainable Al model that can be
applied across algorithms is better, and such models can be called algorithmically
agnostic in the sense that they will work with all algorithms, but they are not crafted for
any specific algorithm or type of algorithm. So, it is here that data scientists and



engineers, when they develop a system, particularly one that comes with Explainable Al,
should be aware of these issues.
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Transparency Issues With
“—n Third-party Vendors

* Reliance on Third-Party Vendors
« Creates transparency issues for governments
» Governments may lack visibility into algorithms'
inner workings
* Challenges in Decision-Making

« Difficult to understand why certain predictions or
decisions are made

* Problematic when individuals seek to challenge
algorithmic decisions

* Policy Recommendations

Encourage government agencies to develop their
own algorithms £
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Then transparency is a major issue because when governments want to engage in
algorithmic decision-making, they should also understand that they have the right to ask
for transparency, and they should have the right to understand how the decision-making
process is being interpreted and implemented. More importantly, they should also
understand what to do if the decisions are challenged in a court of law, in a consumer
forum, or in some other forum. So, when government organizations use court,
administrative law, education departments, banks, or consumer-facing departments, they
should also be aware of the transparency issues in third-party vendors that have
significant legal implications. Government agencies, if possible, should develop their
own algorithms or at least have a strong understanding of the algorithmic decision-
making process, and then they should also try to rework certain aspects for their own
benefit and strive to understand them better.
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it Experiments

e Importance of Empirical Work in XAl
Bridges the gap between law and computer science
Encourages adoption of effective XAl in social contexts
* Role of Government Agencies

Conduct field experiments to test efficacy of
explainability methods

Provide valuable insights into effective algorithmic
explanations

e Existing Survey Work

Focuses on the effectiveness of explanations
e Large-Scale Field Experiments

Conducted by government agencies

Help refine and improve XAI techniques
» Creating a Feedback Loop

So, we need to do a lot of things here; first of all, the government agencies cannot take
Explainable Al for granted; they need to do certain field-level testing. They should test
whatever models were given to them to assess their accuracy, reliability, and
acceptability with a wide range of stakeholders. And then they should also look at
whether people are convinced by these explanations or whether the algorithms, when
they make a decision, are able to come up with explanations that sound reasonable and
legally acceptable. So, they need to develop some methodology so that they can conduct
empirical research and field experiments with these Explainable Al models, algorithms,
and so on, so that they can improve them. They also gain a better understanding of how
they can deal with Explainable Al-related queries, demands, and even notices from
courts.



Importance of User-centric Design 2%

* Focus on End-Users in XAl
Aligns Al development with user-centric
design principles
Emphasizes the need for Al systems to be
understandable and accessible

® Real-World Impact of Al Decisions

Addresses the effects of Al decisions on
individuals

Promotes a more inclusive and democratic
technology development
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One way to address many of these issues is to ensure that the Al system is not built on
some abstract model developed for some abstract purpose; rather, it should be built with a
user-centric approach aligned with the user-centric perspective, where the user is not a
simple piece of data or a statistical correlation but a person with rights and expectations.
Then, it will be easy to incorporate Explainable Al as part of that. For example, the user-
centric design in Al systems will give importance to providing the right explanations to
the user; it will also take into account what sort of potential biases and discrimination can
creep in when the system runs, so it should have already been tested, or algorithms
should have been tested for that. And more importantly, when we build a user-centric
system, the design will also mean that we are democratizing technology development.
We are making technology more understandable, and then users can also contribute to it.
So, making a user-centric design, particularly in Al development and in the context of
Explainable Al, is a good policy. But then it is not all that simple to do so. For the simple
reason that the systems are not meant for users’ prima facie. The systems are used or
meant for organizations that want to implement them. So, when the organization that
wants to implement them, they may prefer technical efficiency, cost efficiency, and
economic efficiency over user-centric design. So, this is an issue that the developers and
those who want their systems to be developed and installed have to discuss and solve.
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* Field Experiments in Diverse Legal Contexts
» Test robustness and applicability of the framework
» Gain insights into practical challenges and
opportunities
* Empirical Validation and Refinement
» Ensure relevance and effectiveness across legal
domains
¢ Contributions to Academic Discourse
» Offer tangible benefits to practitioners and
policymakers
» Impact individuals affected by algorithmic decisions &
y
So, lots of field experiments may be needed for test robustness, applicable framework
and then relevance and effectiveness across the legal domains. So, we need to develop
what I would say is not just a huge case law but a library of all these experiments done,
all the outcomes that were achieved with the different methodologies that were used, and
the different data sampling methods that were used to provide an understanding of where
exactly we can make Explainable AI fit well with the overall development and
deployment of Al in law and justice.
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¢ Concern about Machine Learning Algorithms ‘
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» Operate as “black boxes”
¢ Difficulty in identifying decision-making processes °
¢ Judicial Confrontation with Algorithms

* Increasing frequency in criminal, administrative, and civil ‘ °
cases

e Judges Should Demand Explanations g
* Address the “black box” problem
* Design systems to explain algorithmic conclusions
* Role of Courts in Shaping xAl
» Developing XAl meaning in different legal contexts
e Advantages of Judicial Involvement
¢ Favoring Public Involvement

Now, the demand for Explainable Al should naturally arise from the judicial system, but
it is not happening that way, or often the judiciary may not feel that it needs Explainable
Al as a key component of the Al systems. It could be that they may not be able to really
understand, and then they may think that this is something beyond our comprehension.



We should not break our heads, and Explainable Al itself may not be something that we
will be able to really comprehend; it could be too technical. Then, when judges confront
algorithms, they may think, "I know intuitively that something is wrong," but then how
should I address it? How should I convey that my intuition is correct? How can I prove
my intuition is right? There should be a mechanism where judges can really ask for
Explainable Al solutions as part of the black boxes. And then they should also know how
the system can explain to them the conclusions and then go in the reverse direction to tell
them why step-by-step decision-making was done and then where exactly the decision
tree finally took this decision in contrast to the other decision. So, the role of the courts
here is very important. They can play a huge role in developing effective Explainable Al,
provided judges are also keenly interested, work with the developers and the deployers,
and, more importantly, are empowered to deal with them effectively instead of making
judges mere lame users of the systems. So, this, again, as we said earlier, is part of the
public involvement, and it also enhances judicial involvement.
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Explanation of The Black Box Problem -4

* Concern about Machine Learning Algorithms
Operate as 'black boxes'
Adjust inputs to improve accuracy
* Need for Explanation
» Humans and law demand answers
Questions of "Why?' and 'How do you know?'
* Explainable AI (xAlI)
Design systems to explain algorithm conclusions
» Legal and computer science scholarship on xAl
* Beneficiaries of xAl
Criminal defendants with long sentences
Military commanders
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Importance of xAl In Legal Contexts

* Deployment of Autonomous Weapons
Concerns about the ethical implications
Need for accountability in decision-making

® Doctors and Legal Liability
Use of “black box” algorithms in diagnoses

Potential legal consequences for medical
professionals

® Theoretical Debate on Algorithmic Decisions
Which decisions require explanations
Forms that explanations should take

But in some other legal contexts, like the deployment of autonomous weapons, which is
again a huge controversial area right now, there is no global convention; however,
informal talks, or what you would call not exactly among diplomats, track two diplomacy
efforts are going on among various stakeholders in that. More importantly, explainable
Al will be required in a field called health, where doctors can be sued. We will see that in
another session, or doctors may have doubts about the diagnostics, the classification, or
the treatment prescribed. So, the legal consequences for them are one part, but even for
their own better understanding and for their own professional requirements, including the
ethical requirement, doctors should also see that Explainable Al systems are available to
them. Then we have a huge upcoming and developing literature on algorithmic decision-
making, which decisions really need explanation, which form of explanation they should
take, and how algorithmic decision-making and Explainable Al should be co-developed.
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Role of Judges in Shaping xAl ey

® Judges' Interaction with Machine Learning Algorithms
Increasing frequency of interactions

» Importance of demanding explanations for algorithmic
decisions

Judicial Influence on xAl Development
Shaping XAl in criminal, administrative, and civil cases
Using common law tools to define xAl

® Advantages of Judicial Involvement

Pragmatic rule development through case-by-case
consideration

Stimulating production of XAl forms for different legal
settings

Theoretical Perspective
Favoring public actors' involvement in xAl development
Moving beyond private hands in shaping xAl
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So, as we said, judges have a lot of roles in that.
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= Existing forms of xAl

* Variety of Explainable Al (xAlI)
* Multiple forms of XAl currently exist

Continuous development by computer
scientists

e Intrinsically Explainable Models

Some machine learning models are built to be
intrinsically explainable
These models are often less effective

(-

And more importantly, judges should also look into what sort of Explainable AI models
are preferable for the work they do. So, there are multiple forms of currently available
Explainable AI models and they are being increasingly developed. So, some models that
are intrinsically inbuilt with the capacity to be Explainable may be used, but some studies
show that they are less effective in the sense that they are not technically very efficient.
So, the intrinsic Explainable Al models, although they seem to be prima facie preferable,
should not be at the cost of technical efficiency.
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" Model-centric & Subject-centric 3\
Approaches
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® Model-Centric Approach

« Also known as global interpretability [———r

« Explains creator's intentions behind the modelling VAN -
process St

« Describes the family of model used €

+ Details parameters specified before training LaL

» Qualitative descriptions of input data
« Performance on new data
» Testing data for undesirable properties
* Auditing Outcomes
« Scours system's decisions for bias or error
«+ Attempts to explain the whole model
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So, we discussed global interpretability and then what exactly the intention of the
developer was when he or she developed it, as well as the parameters, the qualitative
input data that was fed into it, and how the system deals with new data that it has to
process or has used for learning and decision-making purposes. These are some of the
things we need to consider when we build and examine Explainable Al itself being
developed. So, auditing outcomes could be one way, and then attempting to explain the
whole system or whole model in terms of an Explainable Al type of explanation is
another way to look at it.
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Role Of Courts In xAl

Courts as Key Actors in Machine Learning Ecosystem

* Deciding when, how, and in what form to develop xAl
Questions Courts Need to Consider

» Audience for the explanation

» Complexity and simplicity of the explanation

» Time required to understand the explanation

¢ Structure or form of XAl: code, visuals, programs
Factors to Focus on in Explanations

* Model-centric vs. subject-centric explanations

* Handling trade secrets: in camera review or independent
peer review

e Defining a “Meaningful Explanation”
¢ Judges developing pragmatic approaches to xAl

NPTEL
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So, as we said, courts have a huge role, and when judges ask for meaningful

explanations, they should also know what sort of explanations will be available and what
sort of things they should primarily focus on. Should they focus on the core explanation



that really matters, or should they go for a detailed explanation that describes each and

every step?
—— 7/7_/
~ Challenges & Opportunities for xAl

in Agencies

* Importance of Agency Reason-Giving
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Defends the rules produced by agencies
* Complications with Machine Learning Algorithms
Reliance on machine learning predictions

Need to share data types and models used
Disclosure of algorithm’s error rate
Explanation of algorithm’s functioning

e Uncertainty in Court Demands
Unclear what courts will require from agencies

Uncertainty in agency responses TN
: 'g‘\.
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So, there are a whole lot of challenges and opportunities for Explainable Al in
government agencies and departments, including courts. But there is a lack of what one
would call clarity and confidence when it comes to Explainable Al for three reasons.
First, the subject itself is very new in the sense that it has not been widely deployed
across Al applications in all sectors. In law and justice, the application of AI models is
relatively less compared to some other sectors. So, what exactly Explainable Al means
here is something that not many people understand, or even if they understand, they are
not very clear about it. Then the last and most important point is that there are a lot of
things that are vague or unclear at the moment when it comes to applying Al in law and
justice because the Al governance or the Al regulation itself is not fully in place in many
countries. So, many countries are adopting a piecemeal approach, a sectoral approach, or
an innovation-focused approach toward Al regulation. So, when that happens, it is
possible that those in judicial decision-making or those who are in the law and justice
system may think that the regulation itself is not geared toward that; so when the
regulation moves in that direction, that could be the right time to go for Explainable Al,
because right now our concern is not just on Explainable Al, but we have other broader
concerns, including whether the systems are really compatible with Al and the rule of
law, and then what sort of discrimination or bias is actually happening when the systems
are deployed. So Explainable Al is part of a solution, but then there are a lot of other
things that need to be addressed before we come to this part of the solution.
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Case study: State v. Loomis

* Racial Bias in Algorithms
« Algorithms trained by computer scientists may exhibit racial bias
* Accuracy of Algorithms
« Algorithms may not be better at predicting recidivism than humans
without criminal justice expertise
* Opacity of Algorithms
» Structure, contents, and testing of algorithms are often opaque
e State v. Loomis Case
¢ Defendant challenged the use of COMPAS algorithm in sentencing
COMPAS categorized the defendant as high risk of recidivism

Defendant argued that the use of COMPAS violated due process
rights
» Inability to assess COMPAS's accuracy was a key concern

[ 2B\
So, this is the case State v. Loomis where the algorithm COMPAS, trained by computer
scientists, was biased. COMPAS is a system used in algorithms. It categorized the
defendant as a high risk for recidivism. Recidivism is the potential to indulge in or
commit a crime again. So, what happened here was that he was not given bail. The reason
given was that he said he was protecting against recidivism, so he was not able to grant
bail. He first challenged that the use of COMPAS itself violated due process rights, but
this was not accepted by the court. But then he could not access the accuracy of
COMPAS, which was a key concern for him. So ultimately what happened in this case
while his concern was not addressed fully it exposed thoroughly that the system was

biased.
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Shift Towards Transparent Algorithms

® Jurisdictions Shifting to Transparent Algorithms
» Moving away from opaque commercial algorithms

» Using public data and publicly available source
codes

* Importance of Explainable Al (xAl)
» Source codes alone are not self-explanatory
‘ EAourts relying on opaque algorithms should demand
I
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* Reasons for Courts to Demand xAl
» Statutory requirements to justify sentences
« Ensuring accuracy and fairness in sentencing
Maintaining institutional integrity of the courts

So, the need to move toward transparent algorithms as part of Explainable Al is very



obvious here. And then courts should demand Explainable Al, particularly in critical
applications like criminal sentencing.

Forms of XAl in Criminal Justice

* Administrative Law Context
Audiences: executive agencies, judges, corporate or interest-
group plaintiffs
Likely to be sophisticated actors

e Criminal Justice Setting
Three main audiences: judges, defendants, and their lawyers
Judges and defense counsel: sophisticated repeat players
Defendants: likely to have little experience with algorithms

]ud?es: varying levels of experience with tools like regression
analyses

¢ Model-Centric vs. Subject-Centric XAl
Judges may prefer model-centric explanations
Defendants may need subject-centric xAl

Judges' Role

y o\

So, there could be different ways of doing explainable Al in criminal justice. In the sense
that in administrative law, it is the executive agencies, judges, corporations, and
stakeholders. These actors know well, in the sense that they are well equipped, powerful
enough, and resourceful enough. So, they may not hold a lot of capacity building or hand-
holding in it, whereas in criminal justice, often criminal justice interferes or has an
interface with the downtrodden and the poor, who often end up as victims or who often
get unduly punished disproportionately to the crimes they committed. So here, the
stakeholders on the other side, or the persons who are facing the judiciary and the law,
should be empowered through Explainable AI models, and they should be the ones who
can really challenge. Meanwhile, the judges should first understand the rationale behind
the decision made by the system before trying to justify it. It is then the duty of the state
to ensure that Explainable Al becomes part of the criminal justice system when Al
systems are deployed. So again, we need to look into very specific examples where,
before being deployed, judges have an understanding, have done some field testing, or
have done some random testing with that and are convinced that the system is able to
give reasonable judgments, or at least the decision-making is something which they see
the potential to go wrong as much less. So, using Explainable Al in criminal justice is not
only necessary but should also be the essential component of using Al in criminal justice.



Challenges From Proprietary C
Algorithms it
Pushback from Proprietary Algorithm Producers k
Resistance to revealing algorithm workings
Claims based on trade secrets
Protecting Trade Secrets
Issuing protective orders
Building Surrogate Models
Shedding light on algorithm functioning
Avoiding trade secret disclosure
Role of Explainable Al (xAl)
Counterbalancing trade secrets claims

Relevant in cases like Loomis ’ g
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But often the systems are black boxes in one sense; in another sense, they are covered by
IP rights and proprietary knowledge, making it very difficult to understand how the
system works. So, the companies or the developers will not be willing to disclose the
algorithms that are used. And then they can also use the trade secret as one of the IP
rights. And then they may build, they may be asked to build surrogate models like
synthetic data; we can have surrogate models that are not identical but are very similar or
have a similar reasoning algorithm built in, so that this trade secret issue can be partially
overcome. Then we can say, "Fine, we will use your surrogate model, run it on this data,
run it on this algorithm, and then see you explain to us how this decision-making was
done." So, this is a partial solution to address some of the issues related to trade secrets
over algorithms and algorithmic decision-making. In a case like Loomis, had such a thing
been done, it would be easier for Loomis to decipher, contest, and challenge rather than
for the system to become too opaque, or when using Al itself as part of the solution was
not considered a violation of due process. So, we need to look at this from the perspective
of stakeholders who are on the receiving end; we need to see how algorithmic decision-
making can be challenged through Explainable Al, even if there are certain constraints
like proprietary algorithms, trade secrets, or any other IP rights that constrain building
such Explainable Al systems.




) Benefits of XAl in Preventing ()
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Automation Bias =
¢ Addressing Automation Bias ]

Machine learning algorithms can cause
automation bias
» Automation bias is the undue acceptance of
machine recommendations
* Role of XAl for Judges
xAl helps judges question algorithm
conclusions

* Promotes critical thinking and reduces
automation bias
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Reasons for lizglcik of xAl W
Demand in Courts

* Reasons for Lack of xAl Adoption in Courts
Nascent idea of xAl
» Algorithms in criminal justice under scrutiny
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» Trade secrets hurdles

« Lack of confidence in courts to use xAl
e Potential for XAl in Courtrooms
Connecting xAl to real-world challenges
* Increasing use of machine learning and xAl

So, this is all we know, but courts are not often very demanding or very forthright in
asking for Explainable Al because, as we said, it is totally new, and the trade secret
hurdle makes the algorithms very difficult to understand. Courts may often not have full
confidence in using Al itself, in the sense that even if an Al system is used, they may not
be the ones who have 100% confidence. Therefore, they may not think in terms of asking
for Explainable Al because they know that if they go and ask for Explainable Al, a
solution will come, but it would also imply that they are fully convinced about the use of
Al in court law and justice, particularly in court decision-making. So, making
Explainable Al part of the real-world court systems, refining it for better use, and
incorporating more and more Explainable Al into the criminal justice and administrative
law create a good scope for everyone, including lawyers, academics, developers, software



developers, and people who develop specific systems for legal applications to learn more,
understand more, and increase the transparency of the Al systems.
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Broader Legal Contexts for xAl &

® Product Liability Litigation
» Involves self-driving cars
Concerns the internet of things
* School Districts' Use of Algorithms
« Algorithms for teacher evaluations
® Malpractice Litigation
Doctors relying on medical algorithms for diagnoses
* Governmental Decisions
« Freezing assets based on algorithmic recommendations
* Defendants' Challenges
Challenges to police actions based on algorithms

2
So, there are a lot of other broader legal contexts like product liability, malpractice in
medicine, and government decisions. Sometimes the government freezes an account or
says that on account of this violation, we are taking over property or your access to your
property is limited. So, if that decision is being made on account of an algorithm,
Explainable Al should be part of that. So basically, Explainable Al should be available to
the defendants as part of their legal rights, but translating this into practice is very
difficult because right now defendants don't have that right; they have the right to appeal,
they have the right to question, but only when algorithmic decision-making is very
widely used. Then, bringing algorithmic decision-making as part of the solution and
Explainable Al as one of the tools available to defendants will make sense. On the other
hand, when the defendants do not even know that it was the algorithms that had a major
role or that it was the algorithms that ultimately decided, they will have no recourse even
to ask for Explainable Al. So, prior to thinking in terms of Explainable Al in court and
justice, we should also look at the transparency level of judicial decision-making when it
comes to the use of algorithmic decision-making in judicial decision-making.
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wie.,  Role of Law Makers in xAl Legislation
® Role in xAI Regulation

* May demand and shape xAl use across industries and
within government

¢ Could require xAl in briefings by executive agencies,
including intelligence community

® Challenges in Crafting xAl Legislation
« Statutes must be general to capture basic values
« Legislation may struggle to keep up with rapid changes in
XAl

* Promise of XAl
+ Courts can address XAl issues at the edges
+ Can draw on xAl developments in different legal areas

+ Creators and users of algorithms may respond to court
actions

NPTEL

» Al and Labour Law

So, we need to go beyond this, and then in the next class, we will look at Al and labour
law. Thank you.



