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| ABSTRACT

Algorithmic Impact Assessment (AlA), as a core tool of algorithmic governance, currently serves mainly administrative regulation
and enterprise compliance, and fails to effectively respond to the evidentiary needs of individual victims in anti-discrimination
litigation. When a plaintiff claims that an algorithmic decision constitutes discrimination, it is usually necessary to overcome
three barriers: blurred subject of responsibility, broken causal relationship and difficulty in obtaining evidence. This paper takes
the Mobley v. Workday case as an entry point, analyzes the causes of the above three dilemmas, and proposes four institutional
designs for the systematic reconstruction of Algorithmic Impact Assessment. Firstly, human-machine comparison benchmark is
introduced to establish the admissibility standard for the algorithmic conclusions in the AIA report; Secondly, the adversarial
assessment mechanism shall be established so that group statistical evidence can be used for individual causal proof; Thirdly, a
technology-legal sandbox shall be constructed to provide a standardized platform for the generation and review of AIA reports;
Fourthly, expand the functional boundaries of the Algorithmic Liability Insurance, link the insurance mechanism with the risk
assessment conclusion of the AIA report, and open up the final relief channel from evidence to compensation. The four systems
jointly form a closed loop system of standard setting, evidence generation, review accessibility, and practical relief, which
promote the shift from prevention without relief to simultaneous prevention and relief, so that the rules of proof in anti-
discrimination litigation can be dynamically adapted to the continuous evolution of Al technology.
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1. Introduction

With the rapid development of artificial intelligence technology, algorithms have infiltrated all aspects of our lives. From
recommending jobs and reviewing loans to assessing risks and screening resumes, their presence is everywhere. It can be said that
algorithms are taking over more and more decisions that were once made by humans. But behind this efficiency, a troubling
question quietly emerges: What can we do when the black box of algorithms makes unfair and even discriminatory decisions?

The Mobley v. Workday case [1] of 2025 has brought this issue into the spotlight. Five job seekers over the age of 40 applied for
hundreds of positions through Workday, only to have their applications consistently rejected without a single interview. They sued
Workday, alleging that the Al-powered recommendation system used in its hiring process systematically discriminates against
workers over 40. Although the court allowed them to proceed as a class action, a deeper dilemma remains unresolved: Even if we
can observe discrimination at the group level, how can an individual prove that the algorithm intentionally rejected them?

Copyright: © 2026 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,
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This case echoes French philosopher Jacques Ellul's profound insight into technology: algorithms have evolved into autonomous
forces beyond human control, even as their value is still claimed to depend entirely on how humans use them [2]. This tension
reveals the fragility of the principle of neutrality and underscores the urgent need to bring algorithms under legal scrutiny. At the
same time, the case highlights three core dilemmas in algorithmic discrimination litigation: First, who is liable when decision-
making power is outsourced to an algorithm provider? Second, how can causality be established—how do we move from group-
level correlation to individual-level causation? Third, how can plaintiffs access evidence when algorithmic operations are shielded
by trade secrets?

For a long time, the regulation of algorithms in the United States has relied on the path of administrative supervision. For example,
the Algorithmic Accountability Law, which has been proposed many times but has not yet been implemented, requires enterprises
to conduct Algorithmic Impact Assessment (AlA). Algorithmic Impact Assessment is widely defined as an accountability mechanism
and governance tool aimed at anticipating, avoiding and mitigating the negative impact of the algorithmic decision system.
Through a systematic documentation and evaluation process, the AIA examines its potential risks at key nodes in the development
or deployment of algorithmic systems to provide means to mitigate possible hazards to vulnerable groups [3]. But enforcement is
in the hands of the Federal Trade Commission (FTC), and individual victims have no right to sue at all. Anti-discrimination litigation,
which can provide relief for individuals in theory, is also almost impossible because of the above-mentioned triple dilemma. How
to break through these three predicaments and achieve relief for individuals? The answer, in this paper, lies not in starting afresh,
but in the re-engineering of the AIA system itself —transforming it from a static compliance tool serving administrative regulation
to a dynamic evidence system that is deeply integrated with anti-discrimination litigation.

The remainder of this paper proceeds as follows: The second part, based on summarizing the existing research, thoroughly analyses
the causes of the triple dilemma; The third part focuses on the distribution of responsibilities, the proof of causal relationship, the
disclosure of evidence and other dimensions, and launches four institutional designs for the systematic reconstruction of AIA; The
fourth part summarizes the conclusion and looks forward to the future.

2. Literature Review
2.1. Governance Paths of Algorithmic Accountability and the Difficulties of Identifying Responsible Entities

The existing research on algorithmic governance mainly follows two paths. The public law approach takes administrative
supervision as the core and emphasizes the prevention of systemic risks through institutional design. Early studies advocated the
principle of transparency and attempted to achieve risk prevention by disclosing the logic of the algorithms [4.5]. But it is worth
asking whether the principle of transparency can really prevent risks? Based on criticizing the transparency fallacy, Ananny &
Crawford called for the establishment of alternative accountability mechanisms [6]. Scholars have further designed tools such
as Algorithmic Impact Assessments and Data Protection Impact Assessments [7], and systematically put forward principles such as
fairness, transparency and interpretability covering the whole process [8.9], trying to intervene in risks before damage occurs.

However, Busuioc points out that traditional administrative regulation presupposes that the regulator can see the logic of the
algorithms and trace decision-making responsibilities, but the technical black box and continuous evolution of Al systems precisely
undermine this presupposition [10]. When the government is unable to effectively supervise, it is even more difficult for individuals
to obtain relief through administrative channels.

In response to this dilemma, Katyal proposes to move to internal accountability mechanisms in the private sector, such as codes
of conduct and whistleblower protection, in the absence of government regulation [11]. Rahman et al. expanded the perspective
of private law accountability from bilateral relations to multilateral ecosystems, and their framework of multilateral platforms
requires multilateral accountability systems that emphasize the sharing of responsibilities among platforms, users, producers, and
regulators [12]. But the problem is that no matter how much the scope of accountability is expanded, there is always a core issue
that remains unresolved: who is responsible for the discriminatory decisions made by the algorithms?

In the Mobley v. Workday case, Workday argued that it was only a neutral tool provider and tried to shift the responsibility to the
employer. There is a typical principal-agent problem between algorithm developers and deployers: developers can use technical
complexity to advocate model uncertainty to evade liability [13], and enterprises weigh their own behavior in a vague regulatory
environment [14]. This evasion of responsibility is not new. In the Uber case, the platform also advocated that the output of the
algorithm is the automatic result of the preset code, rather than the discretionary behavior of the manager, to cut off the
connection between the algorithm's instructions and the responsibilities of the employer [15].

The existing AlA system is mainly built on the logic of administrative supervision, and the system design itself does not provide
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direct answers to the applicability problems that may arise in the determination of private law liability. Take the U.S. Algorithmic
Accountability Act of 2022, for example, which delimits covered entities by setting financial thresholds and user sizes, requiring
them to submit evaluation reports to the Federal Trade Commission, which shall be responsible for its implementation [16].
Therefore, it is impossible to respond to the fundamental question of whether an algorithm service provider constitutes an
employer or a decision participant in private law litigation. This means that in order for AIA to truly serve anti-discrimination
litigation, it is first necessary to redesign the identification mechanism of its responsible entities.

2.2. Causality and the Difficulty of Individual Proof

However, once the responsible entity has been identified, another fundamental question arises: How can individuals prove that
they have been harmed by the algorithms? The review of Kordzadeh and Ghasemaghaei makes this point clear: the concept
of algorithmic bias has been fully discussed in the academic community, but there is very limited empirical research on how
individuals can prove that they are harmed by algorithms [17]. In other words, accountability requires evidence, and where does
the evidence come from?

As the mainstream tool for identifying and mitigating algorithmic bias, the core logic of the Algorithmic Impact Assessment is
based on the measurability of group statistical indicators. A large amount of research has been devoted to detecting the differential
impact of algorithms on different groups through fairness indicators [18], and a series of mitigation strategies, including removing
input variables and replacing variables, have been put forward [19].

However, this type of evidence supply based on group statistics faces fundamental limitations. Mayson has profoundly pointed
out that the problem lies not in the algorithms themselves, but in prediction. Any method of predicting the future based on past
data will project structural inequality in history into the future [20]. The group statistical indicators provided by the AIA are
essentially quantitative descriptions of existing social inequality in the algorithm, but they cannot tell us to what extent
the algorithm's predictions are determined by an individual's true characteristics, and to what extent they are the products of social
structural biases. This is exactly the key fault line in moving from group statistical indicators to individual causal proof in anti-
discrimination litigation.

Why can the existing AIA provide group statistical indicators, but find it difficult to support individual causal proof? The answer
lies in the deep mismatch between technology supply and proof demand. At the group level, the existing technology has
developed more mature statistical methods for group indicators [21], which provide tool support for common evidence in collective
litigation. The court in the Workday case further clarified that the core issue of algorithmic discrimination - that is, whether the Al
system has a differential impact on protected groups - is a common issue that can be proved by common evidence, thus opening
the way for a class action.

But proving causation at the individual level remains problematic. The counterfactual explanations proposed by Wachter et al. can
bypass the technical and legal obstacles to opening the black box [22], but the confidence interval of the explanations generated
by the current technology is too wide to meet the requirements of the Daubert standard [23]. The study of Salih et al. has revealed
that the results of mainstream explanation methods are highly dependent on model selection and vulnerable to feature collinearity
interference, resulting in extremely unstable explanations [24]. Huang and Marques-Silva further fundamentally demonstrated that
interpretations based on Shapley values necessarily have the possibility of misleading information [25]. The significance of this
proof in evidentiary law is quite far-reaching: if a certain interpretation method has systematic defects at the theoretical level, the
evidence it produces will naturally be difficult to meet the requirements of the Daubert standard.

However, the technical literature has mostly focused on the improvement of the accuracy of the explanation methods, but has not
asked the key legal question: What degree of inaccuracy is acceptable under the Daubert standard? This question points to the
necessity of a human-machine comparison benchmark. As emphasized by Ross et al in their work on medical evidence, the error
rate of the algorithm's interpretation needs to be compared with the error rate of the judgment of a human expert before a
reasonable threshold of its legal admissibility can be established [26]. Therefore, only by comparing the accuracy of the algorithm's
interpretation with the accuracy of the judgment of human experts can the technical bottleneck be transformed into a measurable
evidentiary standard, thus closing the gap between legal rigor and technical feasibility.
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2.3. Barriers to Evidence Acquisition and Technical Admissibility

Even if individual causal evidence is technically possible, the plaintiff still faces two barriers that are difficult to cross: first, how to
obtain the algorithmic information protected by trade secrets; Second, how can the information obtained be effectively examined
in court?

For the first dilemma, scholars are generally concerned about the conflict between the protection of trade secrets and the right to
know of individuals. Foss-Solbrekk challenges the idea of absolute exemption of algorithmic information and advocates a
disclosure path based on the public interest [27]. Lu pointedly noted that, even with the relevant provisions of the GDPR, the
technical complexity of the proprietary algorithmic system, the legal claim of trade secrets and the opacity of management jointly
build a black box that is inaccessible [28]. de Laat further warned that the increasingly strengthening trend of intellectual property
protection in the field of machine learning would make the trade secret claims of enterprises weightier, thus seriously weakening
the rights and interests of individuals in practice [29].

For the second dilemma, that is, how to achieve effective review in court after obtaining information, the study goes deep into the
level of procedural mechanisms and evidentiary standards. Grozdanovski has analyzed the EU Al liability legislative proposal,
confronted the contradiction between evidence disclosure and trade secret protection in litigation, and explored how to ensure
the effective participation of the parties procedurally [30]. Bloch-Wehba and Bunnell have proposed solutions at the institutional
level. The former advocates the activation of the Freedom of Information Act to obtain information on public sector algorithms,
and the latter suggests the establishment of independent institutions for professional supervision [31.32]. However, in the face of
the black box of algorithms, even if a court-appointed expert system, such as Rule 706, is introduced, it is faced with the dilemma
of having the system but lacking the resources due to the extreme shortage of experts and high audit costs [33.34].

Faced with these difficulties, the legal profession has begun to explore ways to respond, but it is equally difficult. Ahern's systematic
exposition of forward-looking governance tools such as regulatory sandboxes and policy laboratories provides a blueprint for
bridging the mismatch between legislative and technological iterations, but these frameworks are currently more at the level of
macro policy experiments and fail to address the procedural details of individual litigation relief [35]. The reflection of Bernstein et
al. on bureaucratic accountability directly challenges the simplified model of principal-agent theory, pointing out that
accountability needs to be embedded in the whole process of algorithm design, deployment, and operation, rather than relying
only on ex post punishment [36]. Although these explorations have pointed out the problems acutely, they mostly remain at the
level of institutional concepts and have not yet formed a set of integrated practical schemes that can respond to the dual
constraints of strategic behavior and engineering cost at the same time, which is also the direction that this article attempts to
promote.

2.4. Summary

To sum up, the existing research has revealed the problems in algorithmic discrimination relief from various dimensions: evidence
is required for accountability in private law, and the confidence interval of counterfactual explanations is too wide; The strategic
behavior of enterprises further aggravates the difficulty of proof; Hard constraints at the engineering level make it difficult to scale
up any scheme that relies on in-depth review of individual cases. Then, how can we design a workable Algorithmic Impact
Assessment system so that it can provide evidence for anti-discrimination litigation and thus systematically respond to these three
dilemmas? The following four institutional designs are just preliminary answers to this question.

3. Institutional Design: An Engineering-Coordinated Solution to the Triple Dilemma

The deep logic of the four institutional designs put forward in this paper points to a fundamental value choice: the difficulty in
presenting evidence in algorithmic discrimination litigation is notan isolated phenomenon, but a universal and
typological dilemma. In real litigation, the specific circumstances are different, and strictly abiding by a set of pre-determined rules
to distribute risks and burdens among the parties will inevitably bring about injustice in individual cases, resulting in unfair
problems such as the conflict between the adjudicative outcome and substantive justice. There is a huge disparity in evidentiary
capacity between algorithm service providers and individual plaintiffs. If we still abide by the general rules of burden of proof and
require the victim to bear the adverse consequences of failing to provide evidence, it is contrary to substantive justice and cannot
achieve the normative purpose. Therefore, it is necessary to consider the alleviation of the burden of proof for the typological
difficulties commonly existing in algorithmic discrimination litigation cases [37]. The risk of algorithmic discrimination is a product
of society, which cannot be borne entirely by users or service providers but should be allocated in layers through the dynamic
transfer of the burden of proof. The following four institutional designs are precisely an institutionalized embodiment of this value
judgment.
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3.1. Human-Machine Comparison Benchmark

As mentioned earlier, the greatest difficulty in the current algorithmic discrimination litigation is the ambiguity of the responsible
entity. In the Workday case, the defendant's defence as a neutral tool provider took advantage of the lack of criteria for determining
liability [1]. This article advocates that the clauses on decision-making participation in service agreements and development
documents be listed as mandatory disclosure items in the Algorithmic Impact Assessment. If the results of algorithmic
recommendations play a decisive role in decision-making (such as scoring and ranking), the service provider constitutes a decision-
making participant that can be included in the anti-discrimination lawsuit. This determination standard extends the responsibility
from the algorithm deployer to the service provider, which just responds to the dilemma of evading responsibility caused by the
principal-agent problem.

After the responsible entity is clearly defined, the problem of proving the causal relationship immediately follows. The experiment
of Senoner et al. shows that in visual inspection tasks, the provision of interpretable Al assistance with heat maps can significantly
improve the decision-making accuracy of human experts, and its effect is better than that of pure black boxes [38]. This finding
reveals a key fact: the utility of Al interpretation does not depend on its absolute precision, but on whether it can help humans
make more reliable decisions than independent judgment. Along this line of thinking, this paper proposes the human-machine
comparison benchmark as the relative standard for evidentiary admissibility: by comparing the width of the confidence interval of
counterfactual explanations with the range of judgment errors of human experts in similar tasks, if the reliability of the Al's
interpretation is not inferior to the standardized human judgment benchmark, it can be preliminarily determined that it possesses
evidentiary admissibility.

This standard can be developed in practice along two paths. The preferred path is to build a human decision-making surrogate
model based on large-scale historical data, with its judgment error range as the reference benchmark [39], which must disclose its
training data and limitations to be subject to cross-examination. In areas where there is insufficient data, human performance in
the test can be benchmarked with the use of certified industry-standardized test banks. On this basis, this paper further proposes
the concept of risk calibration coefficient to build a bridge between technical feasibility and legal rigor. The core logic of the
concept is that the error rate of the algorithm's interpretation does not have to be lower than the theoretical optimal value of the
human expert, if it does not exceed the range of the human benchmark error multiplied by the specific risk coefficient. The right
to set risk coefficients can be handed over to institutions such as NIST or FTC to publish standardized coefficient tables through
annual rulemaking procedures. For example, in high-risk scenarios involving basic rights such as recruitment and credit, a strict
coefficient of 0.8 times is applied; In low-risk scenarios such as ordinary product recommendation, the more lenient coefficient of
1.2 times can be applied.

This benchmark, once established, should be an integral part of the AIA report. Any service provider who claims that there is no
discrimination in its algorithmic decision shall provide counterfactual explanations generated by certified tools in the AIA report
and prove that their confidence interval falls within the allowable range of the human-machine comparison benchmark. An AIA
report that fails to meet this requirement will not have presumptive evidentiary weight in the proceedings.

3.2. Adversarial Assessment

Although the human-machine comparison benchmark solves the problem of identifying the responsible entity and the
admissibility of evidence, the plaintiff still faces a key obstacle in algorithmic discrimination litigation: how to prove systemic
discrimination exists. The adversarial assessment system introduces red team testing from cybersecurity into algorithm governance,
with the aim of transforming latent discrimination patterns into actionable systematic evidence. Red team testing systematically
detects model vulnerabilities by simulating an attacker's perspective and has been widely used in the field of large language model
security assessment [40.41]. However, existing practices focus more on vulnerabilities at the model level, paying insufficient
attention to the socio-technical system in which the algorithm is embedded, and easily devolve into a security theater: that is,
testing is only a formality, and its function is more to create a sense of security than to substantively uncover risks [42], For this
reason, this system draws on the two-tiered red team concept proposed by Majumdar et al. and requires mandatory red team
testing for high-risk systems [43]. Here, a high-risk system can refer to the definition standard of the Algorithmic Accountability
Act, that is, affecting more than 1 million people, or involving fundamental rights such as employment, credit, and housing. This
test aims to systematically detect whether there are reproducible discriminatory patterns within the model across a specific input
range, to link group-level statistical evidence with individual harm and address the problem of individual causal proof.
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At the practical level, the system draws on the idea of Casper et al. to verify defects by implanting backdoors [44], using the stable
discriminatory patterns against specific groups found in the test as objective evidence that enterprises should know that their
systems are at risk before deployment. The plaintiff only needs to prove that they belong to the vulnerable group identified by the
red team test, which can preliminarily establish a causal link, thus transferring the burden of proof to the defendant. To balance
trade secret protection, the design also establishes a hierarchical disclosure mechanism: filing only complete technical details with
the regulatory authority and disclosing to litigants only the feature distribution of the failure modes (for example, the false positive
rate for female users aged 30-35 increases by 20%). This not only guarantees the litigation rights of the parties involved but also
keeps the core algorithmic logic of the enterprise within the scope of trade secret protection. The conclusions of the adversarial
assessment should be a core component of the AIA report. Service providers are required to disclose in the AIA report all
reproducible discriminatory patterns uncovered by the red team test and their distributed impact on protected groups. Failure to
disclose or inaccurate disclosure may constitute an adverse presumption in subsequent litigation.

3.3. Technology-Legal Sandbox

To truly enter legal proceedings and fulfil an evidentiary function, the evidence produced by the adversarial assessment must cross
a key threshold: How can the court examine such evidence efficiently and cost-effectively? The scarcity of expert resources, the
protection of trade secrets and the high audit costs make it difficult to sustain the mode of relying on in-depth, case-by-case
review [33.34]. An investigation of the Al ethics audit ecosystem by Schiff et al. has revealed the root cause of this dilemma: the
current audit is highly dependent on the personal ability of a small number of experts, and lacks standardized
and reproducible tools to support it [45]. The criticism of Adams and others on the reliability of expert testimony further shows
that even if experts are introduced, if the methodology itself is not standardized and verified, the focus of controversy will only
shift from the algorithmic black box to the expert black box [46].

To resolve this structural tension, this paper proposes a technology-legal sandbox system, which aims to establish a review mode
of tool-first, expert-supplemental by scaling up expert judgment capabilities through automated tools. The core of the system is
to translate the legal requirements for the reliability of evidence into operational technical standards and to achieve dynamic
updates of tools with the help of a controlled environment for regulatory sandboxes [47].

Specifically, this article proposes that NIST, drawing on the assurance audit framework of Lam et al. [48], establish benchmark test
suites and conduct hierarchical certification of audit tools: Tier 1 basic certification can meet the needs of routine screening, Tier 2
enhanced certification is used for high-risk scenarios, and Tier 3 experimental tools are provided for judicial review reference. The
court will only appoint experts when the case involves specific defects that cannot be covered by Tier 2 or above tools and there
are no lower-cost alternatives. To ensure that standards keep pace with the times, the law may require conforming to the technical
specifications issued by national accreditation bodies as the meta-standard, and the specific indicators shall be dynamically
updated by NIST through the annual rulemaking procedure and shall enter the scope of judicial notice after the public comment
period. This kind of citation update mechanism not only avoids the legislative lag inherent in frequent amendments, but also
entrusts the professional judgment of technical standards to specialized agencies. The Technology-Legal Sandbox provides
institutionalized tool support for the generation and review of AIA reports. An AlA report generated by a sandbox-certified tool
may be presumed to be prima facie evidence in the proceedings; Reports generated by uncertified tools are subject to additional
expert review before they can enter the proceedings.

3.4. Algorithmic Liability Insurance

Even if the problems of responsibility determination, causal relationship, and evidence admissibility are solved through the system
design above, individual victims may still be unable to obtain actual compensation due to the defendant's insufficient solvency
or prohibitively high litigation costs. The risk of Algorithmic Discrimination is the product of the co-evolution of socio-
technical systems, and its cost should not be borne entirely by individuals, nor can it be absorbed only by service providers.
Therefore, this paper proposes the Algorithmic Liability Insurance” system, which expands the insurance mechanism from the
traditional ex-post compensation to a whole-process risk management tool of pre-monitoring-in-process intervention, and post-
relief. The insurance covers endogenous technical risks such as algorithmic black boxes and discrimination [49], as well
as exogenous cybersecurity risks such as data leakage and system intrusion [50]. The dual structure of parallel product liability
insurance and cybersecurity insurance can correspond to different types of damages [51].

In order to realize the precise underwriting of liability and the dynamic adjustment of premiumes, this paper draws on the idea of
vehicle black box data storage, mandates that high-risk algorithm systems install embedded monitoring probes to record human-
computer interaction processes and key decision-making instructions in real time, and traces and reconstruct accident scenarios
through multimodal data fusion technology [52]. The premium adjustment mechanism follows the dynamic principle: assessments
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of the risks associated with algorithmic operations are conducted quarterly. When the risk level rises, the premium shall be adjusted
from the following month, with a single increase of not more than 20%, and a 30-day investigation period shall be set for in-depth
repair [53]. The core logic of this dynamic adjustment mechanism is to embed economic incentives into the daily operation of
enterprises. If an enterprise wants to continue to enjoy a lower premium, it must internalize compliance as a routine part of
algorithmic iteration, rather than passively responding to litigation. In addition, an Algorithmic Risk Reinsurance Fund shall be
established. When the total annual claims of the industry exceed the set threshold, the fund shall intervene to trigger compensation
to smooth systemic risks [54]. Algorithmic liability insurance and AIA form a closed-loop system: the risk assessment conclusion in
the AIA report can be used as the basis for premium pricing; The monitoring data of the insurance probe can be fed back to inform
AlA's iterative updates. Both jointly ensure that a favourable judgment in an anti-discrimination lawsuit is not merely a paper
victory but can be converted into actual compensation for the victim.

3.5. Summary: The Collaborative Logic of the Four Systems

To sum up, the four institutional designs proposed in this paper jointly constitute a systematic reconstruction of Algorithmic Impact
Assessment. The human-machine comparison benchmark compares Al explanations with human decision-making benchmarks,
establishes a relative standard for the admissibility of evidence in anti-discrimination litigation, responds to the difficulties caused
by the excessively wide confidence intervals of counterfactual explanations at their source, and qualifies the AIA report to serve as
evidence. Adversarial assessment introduces red team testing into algorithm governance, which on the one hand mandates the
identification of systemic defects, and on the other hand connects the plaintiff with vulnerable groups, thus transforming group
statistical evidence into individual causal proof at the institutional level, facilitating the dynamic transfer of the burden of proof,
and thus establishing the obligation to disclose systemic defects that must be fulfilled by the AIA report. The technology-legal
sandbox effectively solves the dilemma of scarce expert resources and high costs in the evidence review process by scaling up
expert judgment capabilities through automated means via hierarchical certification and citation updates of tools and provides
platform support for the efficient generation and review of AIA reports. Algorithmic liability insurance expands the insurance
mechanism from traditional ex-post compensation to a governance tool that operates through the whole process of pre-
monitoring, in-process intervention, and post-relief. Through embedded probes, dynamic premium adjustment, and reinsurance
funds, it establishes the ultimate relief pathway from evidence to compensation for the prevailing plaintiff, becoming the key
guaranteed mechanism for the implementation and effectiveness of the AIA system.

These four institutional designs are intertwined, linking standard setting, evidence generation and accessible review with actual
relief, and forming a closed loop system throughout the whole process of Algorithmic Impact Assessment. It is through this closed
loop that Algorithmic Impact Assessment is transformed from a static administrative compliance tool into a dynamic evidence
system deeply integrated with anti-discrimination litigation.

4. Conclusion

Algorithmic discrimination litigation faces three dilemmas: a blurred responsible entity, a broken causal relationship, and difficulty
in obtaining evidence. This is not an isolated problem that occasionally arises in the process of technological development, but a
structural contradiction that will inevitably be triggered after artificial intelligence is embedded in social decision-making. To
address this problem, this paper proposes a systematic reconstruction of Algorithmic Impact Assessment, transforming it from an
administrative compliance mechanism into a dynamic evidentiary system integrated with anti-discrimination litigation.

The reconstruction relies on four institutional mechanisms. Human-machine comparison benchmarks establish admissibility
standards for algorithmic explanations by comparing confidence intervals against calibrated human error baselines. Adversarial
assessment (red-team testing) converts group-level statistical bias into presumptive evidence for individual causation by anchoring
plaintiffs to identified vulnerable populations. Technology-legal sandboxes standardize the generation and judicial review of AIA
reports through certified tools, making expert capacity scalable. Algorithmic liability insurance connects evidentiary findings with
effective compensation through embedded monitoring probes and dynamic premium adjustments.

Together, these mechanisms produce three direct effects: first, through mandatory disclosure requirements, they transform the
identification of responsible entities from a vague "neutral tool provider" defence into a verifiable fact of "decision participant”;
second, when algorithmic explanations meet human-machine comparison benchmarks and the plaintiff belongs to a vulnerable
population identified through adversarial assessment, a causal presumption is triggered, shifting the burden of proof onto the
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defendant; and third, they reduce evidentiary barriers through layered disclosure and certified tools, making AlA reports accessible,
admissible, and contestable in court, while algorithmic liability insurance uses embedded monitoring probes to record fairness
metrics in real time, establishing the specific point at which the enterprise became aware of the risk.

This framework repositions AlA as a bridge between ex-ante governance and ex-post legal relief—an institutional hub integrating
technological auditing, evidentiary standards, and market-based risk allocation. Through this transformation, algorithmic
discrimination claims can evolve from technologically intractable individual disputes into standardized and manageable legal
processes, enabling algorithmic systems to move from opacity to accountability.
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