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Abstract

Artificial intelligence (AI) systems are increasingly transforming criminal investigation by 
moving beyond the retrieval or matching of existing evidence toward the generation of infer-
ences about identity, conduct, intention, knowledge, and other aspects of human behaviour. 
Facial-recognition systems, predictive models, machine-learning classifiers, and multimodal 
foundation models can process heterogeneous digital traces and generate conclusions that 
may subsequently be presented as evidence in criminal proceedings. This development 
creates a distinctive constitutional problem because an AI-generated inference may recon-
struct aspects of an accused person’s mental state without the accused having voluntarily 
communicated that information. This paper examines this problem through the concept of 
AI-generated algorithmic evidence and develops a systems-oriented constitutional frame-
work for determining when such inference should be treated as testimonial evidence under 
Article 20(3) of the Constitution of India. The paper distinguishes between the computa-
tional inputs used by an AI system and the inferential output generated from those inputs. 
It argues that the constitutional character of evidence should not be determined solely by the 
nature or lawfulness of the underlying data. Instead, attention must also be directed to the 
type of claim generated by the computational system. An inference concerning the accused’s 
intentions, beliefs, knowledge, motives, or mental state presents a different constitutional 
problem from an inference concerning an external physical characteristic. Building on 
Kathi Kalu Oghad and Selvi, the paper proposes an inference-sensitive two-stage framework. 
The first stage determines whether an AI system has generated an assertion about the 
mental content of the accused without voluntary testimonial participation; where it has, 
Article 20(3) operates as a categorical constitutional restriction. The second stage applies 
Article 21 proportionality and a requirement of meaningful challengeability to AI-generated 
inferences concerning external facts. The framework further incorporates principles of 
explainability, algorithmic accountability, auditability, and challengeability to address the 
evidentiary consequences of probabilistic and potentially opaque AI systems. By treating 
the algorithmic system as an inferential producer rather than merely a neutral evidentiary 
instrument, the paper identifies a constitutional category that existing testimonial–physical 
distinctions do not adequately capture. The proposed approach provides courts with a 
structured method for evaluating AI-generated evidence while preserving the constitutional 
protection of mental autonomy and preventing computational authority from transforming 
unverified algorithmic inference into unquestionable fact.
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1. Introduction
Criminal investigation is increasingly becoming a computational process in which 

artificial intelligence systems do more than retrieve, match, or organize existing evidence. 
Facial-recognition systems can identify persons from crowd footage [1], predictive models 
can rank individuals according to estimated risk [2], and computational inference systems 
can combine movement, association, communication, and other digital traces to generate 
conclusions about conduct and intent [3]. These outputs may subsequently enter judicial 
proceedings as a facial match, probability score, behavioural assessment, reconstructed 
timeline, or other computational finding presented as evidence concerning the accused. 
The emergence of such systems creates a constitutional question that existing evidentiary 
categories were not designed to address: when an AI system generates a conclusion about 
a person’s identity, conduct, intention, or mental state that the person never communicated, 
what is the constitutional character of that inference?

This paper conceptualizes this problem through the notion of AI-generated algorithmic 
evidence. An algorithmic system can occupy a function analogous to that of an evidentiary 
witness when it generates an assertion about the accused rather than merely retrieving 
or measuring an already existing characteristic. Unlike a conventional witness, however, 
the computational system cannot take an oath, cannot meaningfully be cross-examined, 
and may generate conclusions through probabilistic relationships that are difficult even 
for system developers to reconstruct. The distinction is particularly significant where the 
system reconstructs an accused person’s mental state from distributed digital traces. Existing 
evidence doctrine was developed around relatively identifiable sources of evidence—human 
testimony and physical evidence—and therefore does not map easily onto an inferential 
system that transforms data into a new assertion about a person’s mind.

Article 20(3) of the Constitution of India provides that no accused person shall be 
compelled to be a witness against himself [4]. In State of Bombay vs. Kathi Kalu Oghad, the 
Supreme Court established the principal distinction governing this protection: compelling 
a person to communicate the contents of the mind is prohibited, whereas requiring physical 
evidence that exists independently of the person’s will is not [5]. Selvi vs. State of Karnataka 
subsequently reinforced the protection against techniques that obtain involuntary access to 
the conscious contents of the mind [6]. This constitutional distinction remains fundamental, 
but AI-generated inference exposes a category that does not fit comfortably within either 
side of the traditional divide. An AI system may receive data that was not voluntarily 
provided as testimony and then transform those data into a computational assertion about 
the accused’s intention, knowledge, belief, or motive.

Consider an AI system that combines location information, message metadata, trans-
action records, communication patterns, and other digital traces and concludes that an 
individual intended to commit a particular offence. The underlying information may have 
been automatically collected or lawfully obtained without the individual ever articulating 
the alleged intention. The resulting output is therefore neither conventional testimonial 
communication nor physical evidence in the traditional sense. It is a generated inference 
about mental content. The constitutional difficulty lies precisely in this transformation: the 
system does not obtain a statement from the accused, but computationally reconstructs a 
statement about what the accused allegedly thought or intended.
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This distinction becomes increasingly important as AI systems evolve from conven-
tional pattern-matching tools toward machine-learning and foundation-model architectures. 
Earlier forensic technologies primarily performed retrieval, comparison, and measurement 
tasks that could conceptually be reproduced by human analysts, although often more slowly. 
Machine-learning systems can instead estimate probabilities for previously unseen instances 
and generate inferences from statistical relationships within data [7]. Foundation models 
extend this capability by processing multiple modalities and supporting a broad range 
of downstream tasks [8]. Large language and multimodal models can produce coherent 
conclusions whose internal reasoning may not be fully reconstructable from the model’s 
parameters or output [9]. Consequently, the evidentiary question is no longer limited to 
whether a computer has accurately retrieved information; it also concerns how a computa-
tional system transforms heterogeneous data into a new assertion about an individual.

The problem is intensified by algorithmic opacity and automation bias. Algorithmic 
accountability scholarship has demonstrated that complex computational systems may 
remain difficult to understand even where source code is available, while the proprietary 
nature of training data and model development can further restrict independent exami-
nation [10–12]. At the same time, computational outputs can acquire an appearance of 
precision and objectivity that encourages users to place excessive confidence in automated 
recommendations [13,14]. In a criminal proceeding, this combination of inferential com-
plexity and perceived authority creates a significant evidentiary concern: an algorithmic 
conclusion about a person’s mental state may be treated as fact even though neither the 
accused nor an independently examinable witness can explain or challenge the basis from 
which the conclusion was generated.

The constitutional problem therefore requires a distinction between the input layer of 
an AI system and its inferential output layer. The fact that the input consists of physical, 
transactional, or digital evidence does not necessarily determine the constitutional character 
of the output. A system may begin with lawfully obtained external data but generate a 
conclusion concerning an individual’s internal mental state. The paper argues that this 
transformation must be examined independently because otherwise the lawful acquisi-
tion of underlying data could effectively authorize computational reconstruction of the
accused’s mind.

The paper accordingly develops an inference-sensitive constitutional framework for AI-
generated evidence. The proposed approach distinguishes between AI-generated assertions 
concerning mental content and those concerning external facts. Where an AI system 
generates an inference about the accused’s intentions, beliefs, knowledge, motives, or 
other mental states without voluntary testimonial participation, the paper argues that 
Article 20(3) should apply. Where the system instead generates an inference concerning an 
external fact, the constitutional analysis shifts to Article 21, including proportionality and
meaningful challengeability.

The framework also recognizes that challengeability is a necessary component of com-
putational evidence governance. Explainability mechanisms may help identify relationships 
between inputs and outputs, but a post hoc explanation does not necessarily establish that 
the underlying inference is correct [15,16]. Therefore, transparency alone cannot resolve 
the constitutional problem. A judicially usable AI-evidence framework must consider 
whether the inference can actually be examined, contested, and meaningfully challenged by
the defence.

The paper thus positions AI-generated inference as a distinct algorithmic evidentiary 
process rather than treating AI output as automatically equivalent to either documentary 
evidence or conventional expert testimony. The central contribution is an inference-sensitive 
reading of Article 20(3), supported by a two-stage framework that separates the protection 
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of mental content from the proportionality and challengeability requirements applicable to 
external factual inference. This approach seeks to preserve the constitutional purpose of 
the privilege while adapting its application to computational systems capable of generating 
claims about the human mind without direct human testimony.

2. How Artificial Intelligence Generates Evidence
2.1. From Forensic Tool to Inferential Author

Computational investigation is nothing new, but the kind of work the computation has 
done in forensic analysis has changed in kind. Earlier forensic tools did work that human 
analysts could have done themselves, only slower: indexing files, matching fingerprints, 
comparing records with a database. This is all retrieval. Machine learning models do not 
stop there. They infer. Training a machine learning model on the existing data produces a 
probability estimation of the new instance. This probability estimation is a generated infer-
ence, not the discovery of the fact [7]. An identity match, a risk score, and a reconstruction 
of the chain of events are, thus, authored claims about the world, not observations of it.

Foundation models created an even bigger gap between inference and discovery. As 
the Stanford University assessment of their capabilities implies, these multimodal systems 
trained on broad data and used for multiple downstream tasks mark the transition from 
one type of AI to another [8]. These multimodal models combine text, images, geographical 
and behavioral information in one output, while the inference behind the output rests on a 
huge number of parameters whose interrelations are impossible even for the developers of 
the system to understand. Literature on large language models shows that the reasoning 
behind their conclusions is not available, while the output produced by such models is 
convincing and coherent [9]. An inference that reaches this far and cannot be reconstructed 
is exactly the kind the court needs to be suspicious of.

The law of evidence has always been concerned with the source of the assertion. The 
sources that can be checked by the law are the witness and the object of evidence. The 
witness is checked through cross-examination, and the object is checked through inspection. 
Inference through algorithmic means does not answer to either. Inside the model, the 
parameter is a correlation, not a reason. The training data are usually proprietary, and the 
conclusion of the inference is the probability association, not the discovery of the fact [10]. 
Literature on algorithmic accountability defines these models as the black boxes and shows 
that even publication of the source code does not help with the problem of the model’s 
incomprehensibility for its creators [11,12].

In matters like credit scoring or benefits administration, this issue may lead to questions 
of fairness and due process [17]. In the matter of criminal trial, it leads to an even greater 
problem. In front of the court there appears an accuser who cannot be confronted.

2.2. Inference About the Mind, and the Limits of Explanation
The nature of the inferences made is equally important as their method. Tools that 

are used in the administration of justice do not just determine what someone has done; 
they make inferences about what that person was thinking, what he or she knew, or the 
disposition of the person to commit a crime; they assign a propensity, read intent from 
movements and contacts, and attribute mental states through text and metadata [3]. Such 
inferences relate to what is going on in the mind of a person, which is the very domain that 
the privilege against self-incrimination seeks to shield.

The field of Explainable AI has developed precisely because such inferences are hard 
to explain. In studies of Explainable AI, two types of models can be distinguished: those 
designed with interpretability built in and those in which interpretability needs to be 
engineered later on by either simplifying the complicated model or attributing weight to 

https://doi.org/10.3390/engproc2026143090

https://doi.org/10.3390/engproc2026143090


Eng. Proc. 2026, 143, 90 5 of 12

some inputs [15]. The difference is not merely theoretical in view of the fact that the output 
is a description of what goes on inside a person’s head. Post hoc explanation reveals, at best, 
the connection between certain inputs and the outcome of the process of inference but does 
not demonstrate that the inference was correct [16]; it does not provide the opportunity to 
test it the way it would be possible to test reasoning of the witness.

The appearance of authority is what the privilege should be especially wary of. Human 
opinion on intent is clearly labeled as such and comes with all the hallmarks of its subjectivity; 
a numeric output wears the cloak of a precise measurement and is prone to the documented 
tendency of automation bias, which makes people tend to rely too much on the result of 
computation and undervalue the conflicting input of humans [13,14]. Instead of eliciting 
mistrust in the face of opacity, it induces deference. An inference about a person’s mental 
state that would be questioned if made by a human would be taken as factual evidence 
if issued by a machine. Rather than undermining the rationale behind the privilege, this 
makes it imperative: the more untestable an inference about a person’s mind, the greater
its importance.

3. Article 20(3) and the Limits of the Testimonial-Physical Divide
The privilege protects the mind, not the body. It is the distinction that the eleven-judge 

bench set out in Kathi Kalu Oghad, distinguishing the prohibition under Article 20(3) against 
forcing the accused to reveal what is in his mind from allowing him to provide physical 
evidence such as fingerprints or handwriting [4,5]; and M.P. Sharma vs. Satish Chandra 
had, prior to that decision, given the provision an expansive construction which Kathi Kalu 
Oghad has confined since [18]. This is a sensible distinction, and one that is robust enough 
to deal with the cases for which it was devised. A sample exists regardless of the accused’s 
cooperation; a confession does not.

What Selvi vs. State of Karnataka adds is the reason for drawing the line where the 
line is drawn. Narco-analysis, polygraphy, and brain-mapping violate Article 20(3) not 
because they compel the accused to speak, but because they obtain involuntary access to the 
conscious content of his mind [6]. The injury, in Selvi’s understanding, is involuntary access 
to the mind’s interior, and the means of achieving that access is irrelevant. That is why the 
issue can be addressed by a different lens, because the inquiry will no longer be focused on 
the manner of compulsion and on what it compels, but on what it accesses without it.

An objection must be met before going further. Article 20(3) speaks of compulsion, and 
machine inference compels nothing from the accused; on a narrow reading, the provision 
would therefore never be engaged. The reading defended here is Selvi’s own. Once the Court 
located the injury in involuntary access to the conscious content of the mind, compulsion 
ceased to be the essence of the guarantee and became one way, the classic way, of committing 
the essential wrong: making a person the source of evidence about his own mind against 
his will. The element of involuntariness does not disappear from this account; it moves. It 
is supplied not by force applied to the accused but by the absence of any voluntary act of 
his directed at furnishing the mental content the system reconstructs. And if that reading is 
rejected, the argument relocates rather than fails, since an untestable reconstruction of the 
mind would still fall to be excluded under Article 21 through the second stage of the test 
proposed below. The better view, however, is that Selvi has already carried Article 20(3) 
past the interrogation room, and this paper takes the Court at its word [6].

Machine inference is difficult to classify within the two-category scheme, because it 
does not compel the accused to speak, and the data from which it draws conclusions may 
be physical evidence, transactional evidence, or ambient metadata. Yet, its outcome is not 
an attribute of the body but an inferred mental state, which does not amount to physical 
evidence in the sense in which Kathi Kalu Oghad used that term. Machine inference reaches 
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the content of the accused’s mind while compelling nothing; and the two-category scheme 
cannot accommodate it.

A way out might appear obvious but must be rejected. The argument runs that if the 
underlying data are physical or transactional traces, lawfully obtained by the State, then the 
inference based on it is simply a further analysis of physical evidence, and the privilege 
of Article 20(3) is not triggered. This confuses the constitutional status of the input with 
that of the output. Physical evidence lawfully compelled according to Kathi Kalu Oghad 
will remain physical evidence however much it is analyzed subsequently; but an inference 
from that evidence, and other data collected, to the accused’s intent to deceive is a claim 
to his mental content, and the lawful character of the input will not cleanse the output 
of its testimonial character. To allow otherwise would permit the State to reconstruct the 
accused’s entire mind and offer it in evidence if it starts from properly collected material, 
an abuse of process that Selvi was decided to prohibit [6].

4. The Algorithm as Witness
In the law of evidence, the witness makes a claim about a fact before the court, and he 

must be available for cross-examination with regard to it [19]. The system described in the 
Introduction is the former and not the latter: it occupies the witness’s position while taking 
no oath, admitting no cross-examination of a meaningful kind, and, in the cases that matter 
most, recreating the content of the accused person’s mind without his presence. That is why 
the existing doctrinal categories are ill-fitted to govern it. Scholars elsewhere have begun to 
ask whether machine conveyances should attract the testimonial safeguards the law reserves 
for human witnesses, most prominently Andrea Roth, whose account of machine testimony 
works within the confrontation and hearsay tradition of American evidence law [20]; the 
argument advanced here takes a different doctrinal route, locating the difficulty not in the 
right to confront an accuser but in the privilege against self-incrimination under Article 
20(3), and in the distinctively Indian protection of the mind that Selvi secures.

One might want to compare the algorithm as witness with the expert witness, but the 
parallel does not hold at the crucial point. An expert gives the opinion that is based on a 
stated methodology, and that opinion, as well as methodology, can be challenged by the 
court; the court is entitled to probe the reasoning, the assumptions, and the candor of the 
witness [21,22]. The algorithm as witness provides the conclusion that is not amenable to 
such a probing, and there is no witness of any sort whose competence and honesty can be 
challenged, only a model whose behavior can be simulated in the post-analysis setting [15]. 
Nor is the difficulty cured by the human sponsor through whom the output is tendered. 
The State may reply that the output comes before the court through a human analyst, and 
that analyst can be cross-examined. But the analyst can only speak to the system’s design, 
its validation, and its error rates in general. He did not make the inference, and he cannot 
answer for it. Examining him tests the sponsor’s candor. It does not test the basis of the 
assertion [20]. The expert is accountable for his opinion; the algorithm is answerable to no 
one, and the law has never accepted a witness who cannot answer for what he asserts.

Neither is it forensic software under a new name. The forensic software is used to 
retrieve or measure some characteristic and report a match, a value, or a record that had 
already been existing. The algorithm as witness, on the contrary, generates the output: it 
produces a computed projection about the accused person, which did not exist before the 
system’s work in any retrievable way [7]. The distinction between the retrieval and the 
generation is the distinction between an instrument and an author, and it is the latter who 
must take the witness’s position.

The constitutional implication is even more ominous than the parallel with Selvi sug-
gests at first sight. In Selvi the Court banned the use of narco-analysis and brain-mapping 
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because they invaded the mind’s interior by overcoming its owner’s will [6]. Machine 
inference invades this interior too, but it does not overcome the will but rather bypasses it 
completely: it requires neither the accused person’s speech nor the physical activity of his 
body but the data that he had left during his lifetime. The privilege has always been there 
to protect the accused person from becoming the involuntary source of the information 
about his mind [23,24]. The inference makes him the source of that information without 
any compulsion, interrogation, or even the knowledge of the fact.

None of this is a condemnation of all algorithmic inference. A system that matches a 
fingerprint or identifies a face on the ground of physical characteristics creates the digital 
version of physical evidence, very close to that allowed in the Kathi Kalu Oghad case and the 
voice sample held admissible in Ritesh Sinha vs. State of Uttar Pradesh [25]. The dividing line 
lies between the inference about external characteristics, which do not come within the scope 
of the privilege, and the inference about the content of the mind. What must be avoided 
is the common practice of regarding the output of the machine merely as documentary 
evidence and hence neutral in character, since that would blur the line in the very place it 
needs to be kept clear.

Under Indian Law, the entryway into that error lies in the law of electronic evidence. 
The algorithmic output is entered into court proceedings as an electronic record, admissible 
under Section 65B of the Indian Evidence Act through certification and Section 63 of the 
Bharatiya Sakshya Adhiniyam [26–28], and the need for certification is obligatory [29,30]. 
What the certificate does is authenticate the record: it speaks to the normal functioning of 
the machinery behind the output, not to the truth of what the output asserts. A provision 
intended to ensure that a print-out reliably represents the computer’s output cannot settle 
whether what the output says about the state of a person’s mind is trustworthy.

5. The Problem in Comparative Perspective
The Artificial Intelligence Act adopted by the European Union represents the closest 

analogue to the regulation of the problem discussed above. The Act classifies the systems 
used in the law enforcement, including the individual risk assessment and certain types of 
biometric identification, as high-risk [31] (Annex III) and imposes on them the obligation 
of transparency, human supervision, and documentation that would render their outputs 
challengeable [32]. The Artificial Intelligence Act never mentions the privilege against 
self-incrimination. However, its requirement that a person shall be able to understand and 
challenge a significant automated decision relies on the same presumption as the proposition 
advanced in this paper from the other angle, namely, that the machine’s inference about a 
person shall remain open to the challenge and may not be considered a fact just because the 
system made it.

The constitutional problem is similar to the Indian one under the different text in the 
United States. The American scholarly discussion of the confrontation of machine evidence 
addresses the question whether the output of a complex system can be cross-examined at all 
and whether due process demands certain procedures when a defendant is convicted based 
on a model whose workings are sealed [20,33,34]. No settled answer has yet emerged from 
the courts. However, what the literature makes clear is that the unconfrontable algorithmic 
accuser is not a unique feature of Indian doctrine but a structural element of the criminal 
procedure in general once the inference is introduced into the courtroom.

This would be closest to the Framework Convention on Artificial Intelligence of the 
Council of Europe, signed in Vilnius in September 2024, which is the first binding interna-
tional treaty addressing this question [35]. It establishes that when a decision is adopted 
on the basis of or substantially through the use of an AI system, the person concerned has 
to be given sufficient information to be able to challenge the decision, and such procedural 
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safeguards are to apply in the case where the use of the system affects the individual’s 
fundamental rights in a significant manner. Although the wording differs from Article 
20(3), the Convention points in a similar direction on one point: an inference made using 
an algorithm about a person gives rise to a right to challenge it. The further step, that where 
the challenge is rendered impossible owing to the intrusion into the interior of the mind the 
answer is exclusion rather than disclosure, is the argument of this paper and not the text of 
the Convention. The fact that India is not a party to these instruments, and is not bound by 
them, is less important than the lesson that is to be learned from the comparative analysis: 
the Indian constitution, with its developed protection of the mind and the principle of 
proportionality, can offer a stronger solution to this problem.

6. Towards an Inference-Sensitive Reading
The test proposed is the two-part test, and the first part merely asks what is asserted 

in the inference. Where an AI system makes an assertion regarding the state of mind of 
the accused individual, his intentions, beliefs, knowledge, motives, or disposition, and 
the evidence used in making the assertion was not voluntarily obtained from the accused 
individual, then the assertion is testimonial in nature and is prohibited under Article 
20(3) from being used against the accused individual [6]. This prohibition is unequivocal. 
Whether the inference made is correct or whether the crime is grave does not matter, since 
the protection of the accused is an absolute one and cannot be qualified by the extent of the 
State’s interest.

The “without voluntariness” clause must be defined, since it is crucial in deciding cases. 
It does not refer to the lawfulness of the collection, nor does it refer to consent on the part of 
the accused for the collecting of data for another purpose. Data collected through a warrant 
is lawful collection but not voluntary production; data obtained from the record of a telecom 
operator or a platform have never been voluntarily produced by the accused individual; 
and data publicly posted are freely expressed, not voluntarily provided as testimony of 
mental interior. What the clause requires is the same thing that Selvi required, when it 
allowed narco-analysis conducted with consent and safeguards: a knowing and voluntary 
waiver with respect to the specific incriminating use, not just a general consent for the 
collecting of data followed by a waiver [6]. And the objection in the opposite direction 
is also answered: voluntariness of production does not render the machine’s inference 
admissible, since consent to collecting is not consent to analysis. Two clarifications complete 
the first stage. The bar operates on use in evidence against the accused; it does not prevent 
investigators from following an inference as a lead, though investigative use remains subject 
to the discipline of Article 21 described below. And the stage governs claims about past 
mental states, the intent, knowledge, or belief accompanying the offence charged; a forward-
looking risk score asserts propensity, and propensity is excluded, where it is excluded, by 
the ordinary law of evidence and relevance rather than by the privilege.

When the output asserts something else, an external fact, the identity of a face, the 
location of a device, the authorship of the physical mark, the privilege drops out and the 
second stage begins. Here the controlling precedent is Justice K.S. Puttaswamy vs. Union 
of India, which established the informational privacy as an integral part of Article 21 and 
proportionality as the standard of intrusion [36]. The court must determine whether the 
use of the system pursues a legitimate purpose, is reasonably connected to it, is necessary 
in the sense that no less intrusive method would serve the purpose, and is proportional to 
the privacy interest at stake, the four-point test of Modern Dental College vs. State of Madhya 
Pradesh [37]. The order of the two stages is not a matter of convenience: arriving at the 
proportionality before addressing the question of the character of the inference would 
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permit a sufficiently grave case to dissolve the categorical protection of the mind, which is 
the exact result that the sequence of the two steps is designed to avoid.

The second stage also involves an additional requirement which is not required by the 
first one: the output of the system must be understandable enough to be challenged by the 
defense. A conclusion whose basis is totally sealed cannot be admitted even if the privilege 
is not engaged, since the evidence which cannot be challenged cannot be tested, and the 
untested evidence about a person is not evidence but a mere assertion [16].

This is where the proposal diverges from the rules of disclosure. The main principle 
of almost all the AI regulation is to make the system transparent by disclosure, by more 
documents, more explanations, more access to the model. The inference about the mind 
requires the different treatment, since the objection is not the inability to see the mechanism 
of drawing the conclusion but the impermissibility of the conclusion itself. An inference 
prohibited by Article 20(3) cannot be cured by disclosure, and its opacity is immaterial once 
the privilege applies. The framework provided here excludes the most intrusive uses and 
disciplines the rest through the principles of proportionality and challengeability, reproduc-
ing in the inner structure of Indian constitutional law the right-to-challenge principle that 
emerges in the European Union AI Act and the Council of Europe’s Convention [31,35]. 
The comparison also yields one concrete mechanism worth taking: the record-keeping and 
logging duties the European instrument attaches to high-risk systems are what make a 
right to challenge practical, since a conclusion can be contested only if a record of how it 
was produced exists [31] (Art. 12). India does not have to borrow the principle itself. It 
can derive a stronger one from Article 20(3) and Article 21, provided that it rejects treating 
machine inference as documentary evidence.

7. Conclusions
The emergence of AI-generated evidence introduces a new computational pathway 

through which the State may obtain assertions about an accused person’s mind. The 
constitutional privilege against self-incrimination was developed to prevent the State from 
making the accused an involuntary source of evidence concerning his or her own mental 
content. Historically, this concern was principally associated with compelled speech. AI-
generated inference creates a different technological pathway: the system can reconstruct 
aspects of mental content from digital traces without requiring the accused to speak, answer 
questions, or knowingly provide the alleged information. The resulting inference therefore 
challenges the traditional distinction between testimonial and physical evidence.

This paper has argued that the constitutional analysis should focus not only on how the 
underlying data were obtained, but also on what the AI system generates from those data. 
An external dataset may be lawfully collected and independently existing, yet the computa-
tional output derived from it may constitute an assertion about intention, knowledge, belief, 
motive, or another aspect of mental content. Treating the constitutional character of the 
output as identical to that of its inputs would allow computational systems to reconstruct 
the contents of an individual’s mind through data that were never voluntarily provided
as testimony.

The proposed inference-sensitive two-stage framework provides a structured response. 
At the first stage, the court should determine whether the AI-generated output asserts 
something about the accused’s mental state and whether the underlying information was 
voluntarily provided by the accused for that specific incriminating use. Where the system 
generates an assertion concerning mental content without such voluntary testimonial par-
ticipation, the paper argues that Article 20(3) prohibits its use against the accused [6]. The 
constitutional protection therefore attaches to the nature of the computational assertion, 
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rather than simply to the physical or digital character of the information from which it
was generated.

Where the AI-generated output instead concerns an external fact—such as identity, 
location, or another physical characteristic—the Article 20(3) privilege does not operate in 
the same manner. The analysis then proceeds under Article 21 and requires proportionality, 
including legitimate purpose, rational connection, necessity, and proportionality to the 
privacy interest affected [36,37]. The framework further requires the output to be suffi-
ciently understandable and documented to permit meaningful challenge. An AI-generated 
conclusion that cannot be examined, tested, or contested should not acquire evidentiary 
authority merely because it was produced by a computational system.

This requirement of challengeability is particularly important because AI systems can 
generate highly convincing outputs while remaining difficult to interpret or independently 
reproduce. Explainability mechanisms may identify relationships between inputs and 
outputs, but they do not necessarily establish that an inference is correct [15,16]. Similarly, 
automation bias can encourage decision-makers to treat computational outputs as more 
authoritative than conflicting human evidence [13,14]. In the criminal-justice context, these 
characteristics create a risk that algorithmic inference will acquire the appearance of objective 
fact without the procedural safeguards traditionally associated with testimonial evidence.

The framework therefore distinguishes between algorithmic inference as a computa-
tional process and algorithmic output as evidence. A machine-generated conclusion should 
not be treated as neutral documentary evidence simply because it is recorded electronically. 
Nor should the presence of a human analyst automatically cure the problem, because the 
analyst may be able to explain system operation and general performance without being able 
to testify to the actual inferential basis of the particular output. The evidentiary question 
must remain focused on the computational process that generated the assertion.

The broader significance of this analysis extends beyond Article 20(3). As AI systems 
become increasingly capable of inferring behavioural characteristics, intentions, preferences, 
and other latent attributes from heterogeneous digital traces, constitutional and evidentiary 
law will increasingly encounter outputs that did not exist in the underlying data in any 
directly observable form. The legal system must therefore distinguish between evidence 
that records a fact and computation that generates an assertion about a fact.

Ultimately, the question raised by AI-generated evidence is no longer only whether 
the accused can be compelled to testify. It is whether a computational system can become 
an algorithmic witness to the contents of the accused’s mind when those contents were 
never voluntarily disclosed. The proposed framework provides a basis for addressing that 
question while preserving the constitutional distinction between protected mental content 
and external factual evidence, and while ensuring that computational authority does not 
substitute for evidence that can be meaningfully examined and challenged.
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