Transparency in Predictive Algorithms:
A Judicial Perspective
Md. Abdul Malek
Judicial Officer,
Bangladesh Judicial Service, Bangladesh
Correspondence: abmalek.b@gmail.com

ABSTRACT:
Notwithstanding the apparent hyperbole about AI promises for judicial
modernization, there arise deep concerns that span from unfairness, privacy
invasion, bias, discrimination to the lack of transparency and legitimacy, etc.
Likewise, critics branded their application in the judicial precincts as ethically,
legally, and technically distressing. Accordingly, whereas there is already an
ongoing transparency debate on board, this paper attempts to revisit, extend
and contribute to such simmering debate with a particular focus from a
judicial perspective. Since preserving and promoting trust and confidence in
the judiciary as a whole appears to be imperative, it uses a searchlight to
explore how and why justice algorithms ought to be transparent as to their
training data, methods, and outcomes. This paper also ends up delineating the
tentative paths to do away with black-box effects and suggesting the way out
for the use of algorithms in high-stake areas like the judicial settings.
KEYWORDS: Predictive algorithms, algorithmic transparency, and
predictive justice.
INTRODUCTION:
In the advent of the increased availability of data and increased
computing power, intelligent machines are making a sheer shift in all walks of
society by leaps and bound. The expansion of the use of big data analytics and
recent improvements in deep learning methodology and machine learning
algorithms also influences justice sectors, commonly criminal courts. Decisions
about parole, probation, bail, and sentencing decisions are now being made in
the aid of the risk assessment algorithms. Such ‘algorithmic governmentality’1 is
mostly found in the United States of America. For example, the American Law
Institute also recommends a broader use of risk-assessment tools in the most
recent version of the highly influential Model Penal Code.2
Despite the facts as such, the typical black-box manner of the highly
successful machine learning and artificial intelligence models attracts strict
scrutiny from the viewpoint of law and justice when they are applied in the
judicial settings. Consequently, AI-assistive risks give rise to deep concerns
from unfairness, privacy breach, bias, discrimination, and lack of legitimacy to
lack of transparency and explainability, etc. Critics also condemn that using
1See

Antoinette Rouvroy, and Thomas Berns, “Algorithmic Governmentality and Prospects of
Emancipation Disparateness as a Precondition for Individuation through Relationships?” (2013) 177
Réseaux 163 <https://www.cairn-int.info/article-E_RES_177_0163--algorithmic-governmentality-and%20prospect.htm#>.
2See also Sonja B Starr, “Evidence-Based Sentencing and the Scientific Rationalization of Discrimination.”
(2014) 66 Stanford Law Review 815.

such algorithmic risk assessment violates the principle of due process,
individual rights, and deviates from the principle of fairness in the court
proceedings. More importantly, as the black-box model of artificial intelligence
provides no information about what exactly makes them arrive at their
predictions, “the development of methods for visualizing, explaining and
interpreting deep learning models has recently attracted increasing
attention”.3
Likewise, critics and researchers have already raised their sufficient
voices and deep concerns against the indiscriminate use of this algorithmic
assessment in the judicial domain thanks to their inherent opacity and blackbox effects which stand as “dark secret at the heart of AI”.4 As such, they also
opined that such algorithmic practices are thus “very dangerous, unreliable” 5
and “constitutionally, technically, and morally troubling”.6 It is so contended
because risk assessment algorithms are proprietary black-box tools, over which
there is little regulatory oversight, and transparency about how and what they
work.
A number of researches also show that opaque algorithms can undercut
people’s sense of fairness and trust—particularly when used in the judicial
setting. In order to identify biases and errors in the algorithm and affording a
defendant’s right to defense, “there are lately increasing demands for
introducing transparent, expandable and responsible AI systems for the use of
high-stakes policy spaces; and judicial use is no exception at all.” 7 Hence, such
concerns are not ignoble as it appears to be an antithesis to some established
legal concepts of criminal procedure law, and significantly impactful on
individuals’ rights, adjudicatory values, judicial fairness and integrity, and
legitimacy. As such, predictive algorithms appears to be more consequential
nowhere than in the criminal justice system.
Consequently, the judicial use of such predictive algorithms has already
faced challenges, even in the Supreme Court of the USA in the case of ‘State v
Loomis’.8 This case again robustly sparks the debate even in new height and
gives birth afresh a set of legal and ethical questions as to their algorithms
implications. Hence, this paper argues that the judicial decision-making
process fairly requires more transparent, explainable, and open algorithmic
models, alongside a sufficient level of fairness, and accuracy.
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Samek, Thomas Wiegand and Klaus-Robert Müller, “Explainable Artificial Intelligence:
Understanding, Visualizing and Interpreting Deep Learning Models” [2017] ITU Journal: ICT Discoveries,
Special Issue No. 1 <https://arxiv.org/abs/1708.08296> accessed September 9, 2020.
4Knight W, “The Dark Secret at the Heart of AI” (MIT Technology Review, 2017)
<https://www.technologyreview.com/2017/04/11/5113/the-dark-secret-at-the-heart-of-ai/> accessed
December 12, 2020
5Hany Farid, “The Danger of Predictive Algorithms in Criminal Justice | Hany Farid |
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66 Stanford Law Review, 870.
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trusted tool in our society. The EU’s high-Level Group on AI has called for further work to define pathways
to achieving explainability; and in the US, the Defence Advanced Research Projects Agency supports a
major research programme seeking to create more explainable AI. See “Explainable AI: The Basics
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8Han-Wei Liu, Ching-Fu Lin and Yu-Jie Chen, “Beyond State v Loomis: Artificial Intelligence,
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But then again, another question comes off to what extent and what type
of transparency is required for informing the judicial decision-making; why are
they so important and different otherwise than other public spaces like police
and regulatory bodies. The argument of this paper thus encompasses the
periphery of algorithmic transparency, and also includes some allied concepts
like explainability, interpretability, or comprehensibility within the spotlights of
discussion; simply because a justice system already has some intrinsic
epistemological aphorism beyond the technological ones.
On that account, this paper also reflects that there goes and grows a
simmering discussion and debate on whether a jurisdiction should either hail or
celebrate this rampant algorithmization in justice sectors, or want a pause as
flawed tools, or demand for more research from diverse perspectives. In the
existence of such rigorous dialogical ambiance, this paper trends to synthesize,
visit and extend this ongoing debate on the criminal courts’ practices on
algorithmic risk assessment in terms of transparency, and then, after
suggesting alternatives for the current perplexing position relating thereto, the
paper concludes reaffirming that there is still a pressing need for
interdisciplinary research priorities and harm minimization initiatives.
THE USE OF PREDICTIVE ALGORITHMS IN JUDICIAL SETTINGS
Predictive risk assessment algorithm has made a vivid shift in the
criminal court while deciding upon who is likely to fail to appear at their court
hearing, and who is likely to re-offend in the future’,9 which is now widely
understood ad predictive justice.10 Such criminal justice predictive algorithms
are also called ‘risk assessments tools’ or ‘evidenced-based methods’.11
Predictive tools are in widespread use across the criminal justice systems today,
mostly in the USA, and an Asian country, Malaysia,12 but the specific tools
differ by country.13 However, in recent years, the field of risk assessment within
the criminal justice system is facing wider scrutiny for lacking algorithmic
transparency and accountability.
9Walter

L Perry, et al., “Predictive Policing: The Role of Crime Forecasting in Law Enforcement
Operations,” (Rand.org, 2013) <https://www.rand.org/pubs/research_reports/RR233.html>.
10In the United States, for example, judges use software to assess a suspect’s likelihood of reoffending. The
term ‘predictive’ in AI jargon is contextually linked to the possibility of predicting future results through
inductive analysis which identifies correlations between input data and output data. See Dr Jaspal Kaur
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Discrimination.” (2014) 66 Stanford Law Review 803, 809.
12It is reported that Chief Justice for Sabah and Sarawak Tan Sri David Wong acclaimed the momentous
occasion for the Malaysian judicial system to use such technology to recommend sentences based on
previous cases that would be more consistent, and efficient. “We are in the process of doing it for the civil
side — awarding damages for injuries in car accidents. See Julia Chan, “In a Local First, Sabah Court Gives
out Sentence Assisted by AI, Malay Mail” (2020)
<https://www.malaymail.com/news/malaysia/2020/02/19/in-a-local-first-sabah-court-gives-outsentence-assisted-by-ai/1838906> accessed September 16, 2020.
13Julia Chan, “In a Local First, Sabah Court Gives out Sentence Assisted by AI, Malay Mail” (2020)
<https://www.malaymail.com/news/malaysia/2020/02/19/in-a-local-first-sabah-court-gives-outsentence-assisted-by-ai/1838906> accessed September 16, 2020.
[The complaint is lack of consistency meaning that why is one sentence for a year while another is a fine
only. Using the machine to analyze all data will achieve consistency; it speeds up the process a little
because the magistrate doesn’t have to look up previous cases while listening to submissions].

Apart from researchers’ questions, Eric Loomis in a case of the
Wisconsin Supreme Court, Loomis v. Wisconsin (2016), made a point on the
absence of transparency in his risk assessment as a plea of defense, along with
other concerns. He questioned the use in his sentencing decision of the
Correctional Offender Management Profiling for Alternative Sanctions
(COMPAS), which is such decision support software that uses algorithms to
assess the potential risk of recidivism, calculated by taking into account both an
interview with the defendants and information from their criminal history.
Such algorithms rely on plenty of risk factors; and predict the offenders’ risk of
recidivism, or risk of failing to appear when on bail, by way of scoring them as
low, medium, or high. Such risk scoring is used while making the criminal court
decisions on pre-trial detention, post-trial sentencing, and bond amounts or
parole.14
However, it does not predict the specific likelihood of an individual
offender’s recidivism; rather it provides predictive outputs based on a
comparison of information about the individual to a similar data group15 by
algorithmic processing of the troves of data.16As aforesaid, Loomis in his case17
argued that he was not allowed to assess or the algorithm used in the COMPAS
that prevents him from challenging the accuracy and scientific validity of the
risk assessment; and thus, violates his constitutional right to due process for a
trial court; but the latter court of late ruled against Loomis reasoning that
knowledge of the algorithm's output was a sufficient level of transparency. 18
Here goes simmering debate thereon for the case is that ‘nowhere is the
intersection of algorithms and human thinking more consequential than in the
criminal justice system, where software predicts the likelihood defendants will
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parole decisions, and post-release monitoring. See Katalin Ligeti, “AIDP-IAPL International Congress of
Penal Law: Artificial Intelligence and Criminal Justice” (2019)
<http://www.penal.org/sites/default/files/Concept%20Paper_AI%20and%20Criminal%20Justice_Ligeti
.pdf> accessed October 2, 2020.
15 Katalin Ligeti, “AIDP-IAPL International Congress of Penal Law: Artificial Intelligence and Criminal
Justice” (2019)
<http://www.penal.org/sites/default/files/Concept%20Paper_AI%20and%20Criminal%20Justice_Ligeti
.pdf> accessed October 2, 2020.
16Robin A Smith, “Opening the Lid on Criminal Sentencing Software” (Duke.edu, July 19, 2017)
<https://today.duke.edu/2017/07/opening-lid-criminal-sentencing-software> accessed November 2020,
20AD.
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alleged that using such software in sentencing violates the defendant's right to due process because it
prevents the defendant from challenging the scientific validity and accuracy of such test, and the system in
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18See “Loomis v. Wisconsin, No. 16-6387 (U.S. Oct. 5, 2016),” (SCOTUSblog, 2017)
<https://www.scotusblog.com/case-files/cases/loomis-v-wisconsin/.> accessed September 18, 2020.

skip bail or commit other offenses.19 Hence, the opacity and
incomprehensibility of predictive algorithms again gain sufficient momentum
in search of accountability and fairness.
TRANSPARENCY IN PREDICTIVE ALGORITHMS USED IN THE
CRIMINAL COURT:
As aforesaid, data science should provide transparency: to be clarified,
indisputable, trustworthy, inferable, and interpretable; simply because it
magically transforms data into value. As it is vividly argued that the journey
from raw data to meaningful conclusions involves multiple steps and actors; the
key factors for transparency thus encompasses the ideals of accountability,
comprehensibility, and fairness.20 Thus, there are found in recent time everincreasing calls for bringing about meaningful transparency, explainability,
accountability, and responsibility in the algorithms being used in public
domains. Numerous studies show that such calls seemingly seem justified.
Now we may begin with demystifying the demand for transparency in AI
algorithms. Transparency is a core social or constitutional value and a core part
of systems of accountability for powerful actors.21 Most of today’s machine
learning algorithms operate as black boxes as is it not sufficiently
understandable how and why the algorithms reach particular decisions,
recommendations, or predictions. So it is time to see what does transparency
means in our context, and then, what kind of transparency in algorithms is
demanded for judicial use? Transparency is simply understood as openness of
the datasets, and communication of the analyzed data and the mechanisms
used by the models. Virginia Dignum (2019) in her book ‘Responsible Artificial
Intelligence’ stated that algorithmic transparency as a principle demands that
the factors influencing the decisions made by algorithms should be ‘visible and
transparent’ to the people who use, regulate and are impacted by those
algorithms.22 Kemper, J. and Kolkman, D. (2019) also put that transparency is
the ‘understandability of a specific model’ found into open standards for
government by way of the publication of datasets and other open-access
schemes.23
To demystify, Annany, M. and Crawford, K. (2016) clarify that
transparency is thus not simply ‘a precise end state in which everything is
apparent,’ but a system of observing and knowing that promises a form of
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Greengard, “Algorithms in the Courtroom,” (Communications of the ACM, 2020)
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2020.
20See Jakko Kemper and Daan Kolkman, “Transparent to Whom? No Algorithmic Accountability without
a Critical Audience” (2019) 22 Information, Communication & Society 2081
<https://doi.org/10.1080/1369118X.2018.1477967>.
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Critical Audience” (2019) 22 Information, Communication & Society 2081
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control.24 From a predictive justice perspective, such demystification is
considered instrumental for bringing in fairness and credibility in the court
proceedings. So, when machine learning is used for assessing one’s risk of
recidivism, it is desirable that an open, apparent, and understandable dataset
should be chosen and used in algorithmic models. In this context, since the
current algorithms and machine learning techniques are in the need of
improvement, improving algorithmic transparency would then be synonymous
with advancing openness of the algorithm’s source code as well as inputs and
outputs that are used to make relevant algorithmic decisions.25
The 2016 ‘FAIR Guiding Principles for scientific data management and
stewardship’ applies equally for both humans, and suggests that transparency is
essential, for the importance of data accessibility and the need to contextualize
data.26 Although these guiding principles revolve around data management in
academia, their impact extends well beyond the realm of universities, funding
bodies, and publishers.27 This stance is also applicable in the courtroom
context. In the making of judicial decisions, more regulation may not bring
transparency in algorithms. The improvement of algorithmic transparency may
also not mean to have a quantitative increase of information, but higher
information quality.
However, the available discourses on the very notion then reveal
primarily three types of queries regarding algorithmic transparency; e.g. to
know specifically what is predicted, and how and why is that predicted; and
specific to whom; transparency. These categories in this connection prima facie
justify a fair call for total transparency, that is, for the specifics of all phases to
be opened up to the general public, i.e. total transparency. Paul B. de Laat
(2017) pertinently posits that total transparency seems to be the perfect recipe
for restoring accountability for algorithmic systems; for example, whenever
parties and/or institutions have to be called to account, the raw data of the
whole process are to be available for inspection.28 However, Zarsky (2013) shed
some light on the rebuttal of the total transparency argument in the
consideration of privacy, perverse effects, competition, and inherent opacity.29
Keeping that in mind, Paul B. de Laat (2017) concludes with the argument that
only oversight bodies should enjoy full transparency.30
24M
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25Bruno Lepri, et al., “Fair, Transparent, and Accountable Algorithmic Decision-Making Processes” (2017)
31 Philosophy & Technology 611.
26In 2016, the ‘FAIR Guiding Principles for scientific data management and stewardship’ were published
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Algorithmic sentencing is constitutionally, technically, and morally
troubling;31 For example, persons assessed by COMPAS have little to no
transparency about the process, the data quality, or how the data are being used
in their cases. Opacity, the black-box effects in Machine Learning, is thus often
stated as one of the main impediments for transparency in artificial intelligence
systems. Algorithmic transparency is about how the algorithm learns a model
from the data and what kind of relationships it can learn. Molnar (2019) argued
that algorithm transparency only requires knowledge of the algorithm and not
of the data or learned model.32 Deep learning approaches are less well
understood and thus, considered less transparent.
Lack of clarity in the construction and production of algorithms and the
‘inner workings of these tools are largely hidden from public view’33 are
cardinal of them. They are unexplainable algorithmic tools; because ‘the
engineer could not explain the software's decision-making process’;34 and are
subject to property rights on algorithms (e.g. IP protection as trade secret);
which hinders to inspection of either the algorithms or the training data sets
that take out from government oversight and accountability. Because such
algorithms are also proprietary in nature, they are not subject to state or federal
open government laws in the USA, for example.35
However, there are pronounced limits on the degree of transparency that
can be attained. In the race of transparency debate, Annany and Crawford
(2016) opined that transparency cannot be a characteristic of an algorithmic
model. Rather the opacity of algorithms should be considered with a sensitivity
for the contexts of their use; transparency is performed by socio-technical
assemblages of algorithms and people.36 Further, the justice systems are not an
ordinary field, and the government is not an ordinary firm. Rather, every
government incurs some legal obligations like respecting citizens’ rights and
dignity, upholding equal protection, myriad court precedents and established
jurisprudential principles. So, the choice of algorithms should not in defiance of
the notions of equity, predictability, and transparency, which are ‘at the heart of
what our justice system strives to provide’.37

rankings that become public) proceeds in a semi-automated or fully automated fashion. See Paul B. de
Laat, “Algorithmic Decision-Making Based on Machine Learning from Big Data: Can Transparency
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Stan. L. Rev., 870, (2014).
32Christoph Molnar, Interpretable Machine Learning : A Guide for Making Black Box Models
Interpretable (Lulu 2019) <https://christophm.github.io/interpretable-ml-book/index.html> accessed
December 25, 2020.
33Electronic Privacy Information Center, “EPIC - Algorithms in the Criminal Justice System: Pre-Trial
Risk Assessment Tools” (Epic.org, 2014) <https://epic.org/algorithmic-transparency/crim-justice/>.
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2017) <https://www.wired.com/2017/04/courts-using-ai-sentence-criminals-must-stop-now/.> accessed
September 18, 2020.
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Application to Algorithmic Accountability” (2016) 20 New Media & Society 973.
37See Caleb Watney, “When It Comes to Criminal Justice AI, We Need Transparency and Accountability”
(R Street, December 1, 2017) <https://www.rstreet.org/2017/12/01/when-it-comes-to-criminal-justice-aiwe-need-transparency-and-accountability/> accessed January 3, 2021.

Machine-learning techniques, artificial neural networks, in particular,
are a form of the machine-learning algorithm with a structure roughly based on
that of the human brain. At least as far as the present context and time are
concerned, it is the case that neural networks, a deep learning algorithm 38
meant to act like the human brain, cannot be transparent because of their very
nature. Like other kinds of machine-learning algorithms, they can solve
problems on a trial and error basis without being explicitly programmed with
rules to follow.39 So lack of clarity about how algorithms exercise their power
over humans as they are largely black-boxed and beyond query or question.
As such, it is not a new claim that the stakes in the criminal justice
system are too high to blindly trust in black-box algorithms that haven’t been
properly tested against available alternatives.40 So if you don’t know exactly
how the proprietary algorithm works; it is the fact is that you’re in prison, but
you don’t know why, and even you can’t argue. In fact, you only know the
assessment score it spits out, which judges may consider at sentencing. 41
Consequently, One strand of criticism demands that they should be built from
publicly available data sets using open-source software; and disclose the details
of their algorithms, so that anyone can inspect the data fed into them.
Accordingly, risk assessments should be impermissible unless both parties get
to see all the used data. It should be an open, full-court adversarial
proceeding.42
Other than that, the public authorities like police or court typically do
not write their own algorithms; they buy them from private sectors, such as
Google, Amazon, Microsoft, and the like. That’s being the fact; the algorithmic
decision-making in the public sector has ‘black-box’ effects. Accordingly, this
process is hidden and always changing, not explicitly programmed, which runs
the risk of limiting a judge's ability to render a fully informed decision, and a
defendant’s ability to adequately defend his case in an explicit way. Hence, one
might easily place his eye-brow towards the opacity of the AI technology that
put a hindrance to ensure fairness in the court process; and then, the rise of
algorithm machines as new forms of algorithmic power that are reshaping how
the court works.
Keeping that in mind, the critics poignantly opined that since the
methodology behind the assessment algorithms is a trade secret, 43 and their
38Deep
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42Julia Angwin, et al, “Machine Bias” (ProPublica, May 23, 2016)
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proprietary nature prevents the disclosure of how risk scores are calculated;
meaning that they cannot be examined by the public and the aggrieved persons,
which may be a violation of the due process of law and a deviation from the
principle of fairness in the court proceeding. So corporate secrecy offers is no
public accountability, no transparency, and no oversight of how AI systems
operate; which tantamount to precluding scrutiny of how the systems work or
how they could go haywire.44
Even, ‘how these algorithms change the way justice is administered is
largely unknown’.45 In addition, the lack of methodological transparency from
data assessment companies has made the study difficult.46 Consequently, courts
cannot evaluate how the risk scores are determined or how the factors are
weighed. So, seeing something in an algorithm may lead to control over it, and
liberal democracy’s openness may ultimately create security. Hence, any
information used in the court is required to be made easily discernible and
legible; so that competent audiences involved would be able to comprehend
that information. In this way, as Mackenzie (2008) puts it, transparency
becomes performative: it does work, casts systems as knowable and, by
articulating inner workings, it produces understanding.47
Considering such aspects, that tendency also seems to be troubling in
private sector contexts, as commercial torts may be committed with impunity
thanks to the opacity of ranking and rating systems. Even in the context of
voting, authorities have been sluggish about demanding software that is
auditable and understandable by outsiders. In view of this, the task of criminal
sentencing should be a bridge too far for conscientious judges, not for a
machine. This is why; ‘sending someone to jail thanks to the inexplicable,
unchallengeable judgments of a secret computer program is too ‘black mirror’
for even hardened defenders of corporate privileges’. 48
PATHWAYS TO TAKING OUT BLACK BOX EFFECTS
A report of the Council of Europe on Artificial Intelligence (2018)
reiterates that all involved stakeholders should promote a culture of
transparency enshrining the disclosure of the used AI applications, a
description of their logic as well as the access to the structure of algorithms and
to the introduced datasets.49 Again, on the ‘black box’ puzzle, Virginia Dignum
(2019) artfully suggests that removing the algorithmic black box by means of
44Wojciech
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providing meaningful means to inspect and evaluate the algorithms used would
not suffice.50
Rather, ‘transparency may then be better served by ‘openness and
control’ over the ‘whole learning and training process’ than by just removing
the algorithmic black box. Trust in the system will improve if we can ensure
openness of affairs in all that is related to the system, she adds.51 Her
arguments are practically justifiable in the sense that only the inspection and
evaluation of the algorithm in use may infringe property rights and business
models of those who develop the algorithms, and also the ‘code’ used therein
would not make much sense to most users.
Openness narrative demands that the used training datasets must be
open for everyone. If a training set has a bias, let people know those things.
Dignum (2019) thus underscores the observance of ethical principles and
putting human values at the core of system design. She also articulates the need
for rethinking the optimization criteria for machine learning; and calls for
researchers and developers’ mind-shift towards improving transparency rather
than performance, leading to a new generation of algorithms that can turn
machine learning into valuable learning.52
As aforesaid, in the regulatory sense, Paul B. de Laat (2017) arguably put
an alternative by positing that ‘full transparency for oversight bodies alone is
the only feasible option; extending it to the public at large is normally not
advisable. This type of full transparency is to be observed in data collection
(e.g., whether data are appropriate to the questions being asked or whether the
datasets are free of bias), model construction (whether an appropriate model
gets constructed that best fits the data), and model use.53 Then, if any objection
to transparency (four kinds of objections- privacy, perverse effects,
competition, and inherent opacity) is raised, give an opportunity of being heard
in furtherance of the golden principles of natural justice.
Mazzotti (2017) also advocates for a standard of transparency to
elucidate the technical choice of certain expert groups; but (Kemper and
Kolkman, 2019) counters him putting that ‘the reality of algorithms today is
that the precise operations and potential ramifications of an assemblage of
algorithms remain obscure even for these experts; rather underscores the
notion of transparency and approaches it from a glitch studies perspective; and
demonstrates that transparency of algorithms can only be attained by virtue of
an interested-critical audience.54 They justified arguing that even if an
algorithmic model is made entirely transparent, not all of its potential effects
and faculties can be inferred; and criticize those concepts by drawing on glitch
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studies and introducing the dimensions of speed, critical audiences, and
complexity and irreducibility.55
Moreover, so far as courtrooms’ decisions are in context, it too seems to
be relational that only transparency requirement is not viable, we reasonably
need for trustworthiness. It is likewise argued that ‘trustworthiness demands
transparency, but not just ‘fishbowl’ transparency in which huge amounts of
information are provided in indigestible form; it also does not necessarily
provide explainability’.56 Rather, a truly trustworthy algorithm does require
honesty, competence, and reliability; which is called Onora O’Neill’s idea of
‘intelligent transparency’- meaning that information should be intelligible,
accessible, usable, and assessable.57 Hence, it will not be verbose to opine that
such trustworthy algorithms seem to be judicially befitting.
However, since transparency works as a key enabler of accountability, as
it is also argued that, only transparency and auditing do not necessarily suffice
for accountability.58 Independent certification may then potentially be a
solution for bringing about the AI system’s trustworthiness, reliability and
transparency. In this context, principle-4 of the CEPEJ Ethical Charter
(transparency, impartiality, and fairness) is worth mentioning, which mandates
for external audits and data processing methods’ accessibility and
understandability.59
Furthermore, while advocating for verifying and making transparent the
behavior of an algorithmic decision-making process, Bruno Lepri, et al. (2017)
opined that an auditing strategy deals with the decision process as a black box,
whose inputs and outputs are visible, while inner workings are not’. 60 Hence, in
the certification process, ‘independent and trusted institutions would be able to
validate and test algorithms, applications, and products against a set of welldefined principles, and guarantee the quality of the system’.61
In this connection, Završnik (2019) supports certification and auditing
schemes by the third-party audits; for it may also increase trust in algorithms in
terms of their fairness.62 Applying this in the context of judicial decisionmaking, the judicial institution in a given jurisdiction would then have the
choice of what type of system would best meet the institutional requirements.
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Alternatively, an expert witness could also be appointed by the judge to verify
either the algorithmic process, or the neural network of a certain AI system,
whenever the parties to the proceeding express their doubt about the
propriety, fairness, and correctness of the automated data.63 Additionally, just
as judges are compelled to explain not only their decisions but also their
reasoning via published opinions, programmers must shed some light on their
contributions too.64 So programmers should not be allowed to hide behind a
veil of ignorance.
CONCLUSION:
A judicial perspective suggests a revolution in algorithms and AI systems
for being observed from the viewpoint of the law, judicial principles, individual
rights, not only from the algorithm itself or those who build algorithms. Since
the current version of predictive algorithms in use remains black boxes and
more consequential in the justice context, it would not be quintessential to use
them in judicial forums. Considering that the justice system manifests a better
path for uprooting traditional flaws and unfairness and ensuring accountability,
responsibility, and public trust in the decision-making process, it becomes
indispensable for a new genre of transparent algorithms. The increased
stakeholders’ involvement, public investment, and more research in policy
space and system designs could produce far better outcomes than the status
quo. When such algorithms become ready for flourishing in the judicial
precincts, ‘full transparency’ within an open technological ecosystem may be
attributed to only the oversight bodies; instead of extending the same to the
public at large. In addition, complete dehumanization at the decision-making
loop of the judiciary also appears to be not a viable option. Instead, human
oversight and judge’s discretion should always get the priority in the judicial
context.
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