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The following brief identifies and discusses four families of risks that arise from AI use in public service
and in the Québécois context. Each family is presented in a separate section and these sections are ordered
for explanatory clarity, not importance; they are all important. A final section is dedicated to the discussion
of possible precautionary measures to help address some of these risks, specifically in the context of AI use
cases in Quebec public service.

On terminology. Artificial intelligence covers a wide range of systems. This brief focuses primarily on the
class of systems driving the current wave of adoption in public services: large language models (LLMs), the
generative models behind chatbots, drafting assistants, and agentic systems. Most of the risks we describe,
however, are older than LLMs. They have been documented in the predictive models that public adminis-
trations have used for years to score, rank, and flag: to estimate a risk of fraud, prioritise an application,
or select a file for review. We draw on that evidence throughout, because LLMs do not resolve those risks.
They inherit them, and they extend their reach, since a handful of models now underpin services across the
board. Some of what follows is specific to LLMs, and we say so where it is.

1 Architectural risks: The current AI service paradigm

Many contemporary generative-AI services are built around large language models (LLMs), which are one
class of foundation model. Most have now heard of these models, but few understand how they actually work
and why by their very nature they can introduce biases and present clear usage risks [6]. This first section
will explain what they are and how they are used in agentic AI systems such as those being considered for
use in public service.

1.1 Foundation models starting with LLMs

LLMs are predictive models which operate over tokens. The tokens for each model are a fixed set of words
(e.g., time, in), subwords (e.g., ent, ly), and characters (e.g., !, x, &)1. LLMs are trained to predict –
or maximize the probability of – the next token in a sequence, where the preceding tokens represent the
context. Once a model is trained to do these predictions it can be used to generate new ones. Given an

1As a first distinction for the Québec context, these sets of tokens in LLMs most often lean towards frequent English words and
subwords, with other languages being accounted for through characters and some common subword syllables.
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input of a sequence of tokens as context an LLM outputs a probability distribution over all the possible
values for the next token. A sampling algorithm is then used to pick or generate the next token from this
distribution, Figure 1. To generate the next token after that, the process is applied recursively by adding the
sampled token to the input of the next model call and sampling again and so on, which leads to compounding
uncertainty. This is the generative principle behind all commercial LLMs.

Figure 1: The LLM takes a context of tokens, So long and thanks for, as input and outputs a distribution
over the next possible token. To generate, a sampling algorithm is then used to pick the next token from
this distribution, all. The process is applied recursively by adding this token to the input context of the next
generation and so on, compounding the uncertainty of the generation. Figure from [17].

Predictive language models have existed since the 1950s [34, 33]2, but what has allowed the newest
models to generate naturalistic responses and encode so much knowledge are: (1) the architectural innova-
tion presented by Transformer architectures [39], and (2) the sheer scale of contemporary LLMs training
data and model size. Transformers can learn to represent much more complex relations between context
tokens than previous models, allowing for robust links to be built across complex and sometimes very long
contexts3. The very large scale of LLMs is however what truly gives them their power and what has lead to
their use as foundation models on which most AI systems are now built.

1.2 Building on shaky foundations and Agentic AI systems

LLMs are able to encode large amounts of knowledge, linking information from across their training data.
This encoded knowledge is what then serves as the foundation for their use in downstream tasks or tools.
For example, conversational agents, like ChatGPT, Gemini, or Copilot, start from a foundational base LLM
which is then finetuned – or further trained – on conversational and instructional data using different training
techniques to make its generations seem more naturalistic in conversational settings.

LLMs can also be combined together in agentic pipelines. In agentic systems, each agent is assigned
a subtask of a more complex task needing to be accomplished. A basic example is retrieval-augmented-
generation (RAG) systems for question answering. LLMs can be queried and their answers are based on
their encoded internal knowledge and context. If the answer however isn’t there, say if the query is about
current events or about private information, then a model will most likely to fail to give the correct answer

2The early models were known as n-gram models, or Markov models applied to language
3Up to 1 million context tokens can be included at the upper end of current private model offerings from companies like

Anthropic and OpenAI.
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Figure 2: LLMs encode foundational knowledge from their pretraining data. They can then be finetuned on
additional data for downstream tasks, while foundational knowledge and biases may stay. Figure from [17].

and hallucinate. It may seem obvious why: the answer simply isn’t available in the model’s context, even
though there is nothing stopping the user from asking their query. An alternative to the single model solution
is to have a two step system. First, a retrieval model will search for relevant information on the web or an
internal database. Next this information is included in the context prompt of a generation model to increase
the likelihood of generating the right answer. Though breaking down complex tasks into smaller subtasks
can help accomplish them correctly, added complexity and steps can also lead to compounded prediction
mistakes.

1.3 Compounding of architectural risk and the importance of context

Fundamentally, all systems that are built on LLMs are contextualised prediction models given fixed contexts.
This tokenized context does not have access to broader cultural context, to the design motivations that we
have in a given public service use case, or to all the background context a citizen, here user, may have.
All models have are the tokens we provide in the prompt we give them and the biases in their encoded
knowledge.

Let’s take a concrete example of where this contextual limitation could go wrong: Santé Québec decides
to automate part of the 811 phoneline triage service for people seeking medical appointments without family
doctors to alleviate the current call burden. An LLM-based AI agent is prompted to ask the client for the
reason for their call and to list their symptoms. The AI agent has access to existing checklists of questions
to ask and routing maps depending on symptoms. However, it does not have the experience of a nurse to
ask the missing probing questions in certain contexts; it does not have access to the cultural knowledge – for
example that many Québécois are prideful and do not complain, misrepresenting the severity of symptoms –
that a good nurse can read from an interaction; the AI agent does not have access to the background context
of clients who may describe symptoms in different ways, depending on their gender, their accent or language
register, or other social factors. The lack of context means that the AI agent may make different predictions
for people with the same condition. This is not to say that humans do not make prediction mistakes, but that
we cannot simply assume that an AI will make the same mistakes; an AI agent does not have the contextual
knowledge we rely on. Trust in such systems can only be established if we understand in each use case what
mistakes it does make and how they can be mitigated. The following sections examine what stands in the
way of that understanding and what is at stake when it is absent.
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2 Technological risks: Using privately owned models in the public system

Section 1 described risks due to how the technology works. This section turns to risks that follow from
who builds and owns it. Generally, public bodies do not train their own models; they contract commercial
providers. When a public body relies on a closed, vendor-hosted model, it may have limited access to the
model’s training data, weights, system instructions, evaluation results, and change history, while the service
runs partly or entirely on infrastructure outside its control. Québec’s own Stratégie d’intégration de l’IA [14]
facilitates this adoption, but its key measures for 2024-2026 do not appear to establish generally applicable
guarantees of independent technical auditing, specific contractual conditions for closed commercial models,
or meaningful reconsideration of decisions materially influenced by AI [15].

Consider a Québec ministry that deploys a commercial LLM to help process incoming citizen requests:
housing applications, benefit claims, complaint files. The system is evaluated before launch and performs
adequately. Six months later, the provider updates the underlying model, and the update is not necessarily
transparent. The updated model handles certain categories of requests differently, and the ministry has no
way to determine what changed, or why.

2.1 Opacity and model drift

A public body that contracts a closed commercial model may be unable to inspect its complete training
corpus, model weights, post-training data, system instructions, safety configuration, or detailed evaluation
results. Sometimes this is a matter of competitive secrecy: when asked to complete disclosure forms for a
U.S. government procurement coalition, vendors routinely withheld technical details they considered com-
mercially sensitive [20]. Sometimes the information is simply not available, because many AI services are
built on top of foundation models developed by others. These underlying models can also change without
notice: one longitudinal evaluation found that GPT-4’s measured performance on a particular task fell from
84% to 51% across service versions released a few months apart [8]. A downstream vendor or public body
might not receive enough information to identify the cause or anticipate its effect on its own application.

In practice, disclosures are poor. Kuehnert et al. [20] examined 39 vendor disclosure forms submitted
for U.S. government AI procurement and found that most provided only vague descriptions of training data,
and over half reported no performance evaluation results at all. Policy responses are emerging. At the federal
level, Canada’s Directive on Automated Decision-Making requires an Algorithmic Impact Assessment for
systems within its scope [38], and the Organisation for Economic Co-operation and Development’s 2025
report on AI in government calls for stronger oversight [27]. But these frameworks assume the deploying
body can answer questions about the model it uses, and existing access-to-information laws are not designed
for algorithmic transparency: they conflict with intellectual property restrictions and trade secrets of private
providers [27].

Even in a best-case scenario where a provider discloses everything it knows, the problem would not
disappear. As Section 1 explained, the behaviour of foundation models in a specific situation cannot be fully
predicted, even by their developers. For a public service, this means that full transparency, while necessary,
is not sufficient: the model remains partly opaque even to the people who built it.

2.2 Data sovereignty and structural dependency

When a public service uses a vendor-hosted model, citizen information may be transmitted to and processed
on infrastructure outside the public body’s direct control. The resulting risks depend on the deployment and
contractual arrangement. They include unauthorized access during transmission or processing, retention
of prompts and outputs in provider logs, access by employees or subcontractors, secondary use for service
improvement or model training, and exposure through a security breach. These risks can be reduced through
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various strategies, but they cannot be treated as resolved merely because a provider promises not to train on
client data.

A related risk concerns information already incorporated into model training. Nasr et al. [26] showed
that an outsider with ordinary access to ChatGPT could induce the model to output verbatim fragments of its
training data, including personal information. That particular method was patched, but the study illustrates
that LLMs can memorize portions of their training data. Reliably identifying and removing a particular
training example from a deployed model remains technically difficult [22].

Québec’s privacy framework imposes relevant obligations, but these must be described precisely. The
Act respecting Access to documents held by public bodies and the Protection of personal information, as
amended by Loi 25, requires a privacy impact assessment for projects involving the acquisition, develop-
ment, or redesign of an information system or electronic service-delivery system that involves personal
information. It also imposes transparency obligations when a decision is based exclusively on automated
processing of personal information. These statutory requirements should be treated as a floor rather than a
complete governance framework: many consequential uses of AI assist or shape a human decision without
meeting the narrow threshold of an exclusively automated decision.

These risks are compounded by the lack of options between providers and the increasing difficulty of
switching between them. Even in the simplest case, a chatbot, switching is not straightforward: it means re-
building technical integrations and re-engineering prompts for a different system. But providers are moving
well beyond chatbots, toward integrated ecosystems that manage documents, automate workflows, and adapt
to an organization’s patterns. The more processes are built around a provider’s tools, and the more the system
learns about how an organization works, the more disruptive it becomes to leave. Langer and Haag describe
this concentration of AI capacity as a “structural dependency particularly critical for the public sector” [21].
New providers do enter the market, but the required investments and expertise prevent them from catching
up to a very small number of dominant players. A public institution that wants the best available perfor-
mance must turn to these dominant providers, i.e., large American companies offering limited transparency.
More transparent or locally hosted alternatives exist, although they require additional engineering capacity
and generally offer lower general-purpose performance. Convincing staff to use a noticeably weaker tool
is its own challenge. Section 3 examines what happens when the errors of such a system affect an entire
service, and Section 4 asks whose perspective those errors reflect.

3 AI for decision-making: Introducing systemic bias

3.1 Systemic bias and algorithmic monoculture

These risks are the best documented of the four, because they do not depend on LLMs. Public administra-
tions have used predictive models for years to score, rank, and flag, and the evidence of what goes wrong
comes largely from them. Despite often being perceived as objective, AI systems are shaped by numer-
ous design choices made throughout their development. These choices include how data are collected and
cleaned, how missing values are handled, which variables are included, how different groups are represented
in the training data, the type of model that is selected, and the values of its hyperparameters. In many cases,
several alternative choices are technically valid and lead to models with similar levels of predictive perfor-
mance. Yet these models may produce different outcomes for individual people [36]. As a result, AI systems
do not uncover a single objective truth. Rather, they encode a particular set of assumptions, priorities, and
trade-offs chosen by their developers [28]. A model optimized to only minimize overall error, for example,
may produce different decisions than one designed with a constraint aiming to reduce disparities across
demographic groups. Similarly, two models trained on the same data but using different architectures or
parameter settings may disagree on whether an individual qualifies for a benefit, receives a medical referral,
or is flagged for additional scrutiny [13].
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In practice, this variability remains largely invisible because only one model is typically deployed, mak-
ing its decisions effectively final. This phenomenon is further amplified by the widespread adoption of
standardized foundation models, leading to an algorithmic monoculture [19]. When identical systems are
deployed at scale, their biases and errors become systemic. For example, a job applicant unfairly penalized
by a recruitment algorithm may be consistently excluded from employment opportunities, with no chance
of being reassessed by a different system that might reach a different conclusion [11]. Similarly, if the same
diagnostic model is adopted across hospitals and clinics, a patient who receives an incorrect assessment
may encounter the same error throughout the healthcare system. The widespread use of a single model ef-
fectively eliminates the possibility of independent second opinions from alternative systems, increasing the
risk that mistakes are propagated rather than corrected. This homogenization reduces society’s resilience to
algorithmic errors and failures.

3.2 Systemic bias and feedback loops

Vulnerability to systemic errors is severely compounded by the presence of self-reinforcing feedback loops,
where algorithmic predictions actively reshape the social reality they claim to objectively measure [29].
When a model’s outputs dictate real-world interventions, those interventions generate new data that reflex-
ively validate the initial, biased prediction [23]. In predictive policing, for example, an algorithm that fore-
casts higher crime rates in historically marginalized neighborhoods prompts increased police deployment
to those areas. Consequently, more arrests are recorded there, not necessarily due to a higher underlying
propensity for crime, but because of heightened surveillance. Such results are then fed back into the model
as empirical proof of its accuracy. This dynamic transforms historical bias into a self-fulfilling prophecy,
capturing the system in a closed loop where errors are continuously amplified rather than corrected.

This systemic vulnerability is severely compounded in domains that lack an objective ground truth,
where algorithmic predictions inadvertently create the very data used to validate them. In fraud detection,
for instance, a model’s initial mistakes can become permanently locked into future training cycles. If an
algorithm incorrectly flags a legitimate transaction as fraudulent, that transaction is typically blocked or
rejected, without actually verifying whether fraud would have actually occurred [30]. As the model is
routinely retrained on new data, its early errors and systemic biases are fed back into the training pipeline
as definitive truths. The result is that the algorithm does not learn to detect fraud independently; it learns to
reinforce its own earlier mistakes.

3.3 The limits of human review

The usual answer to these risks is to keep a human in the loop: a trained person reviews what the system
produces and catches its errors before they reach a citizen. The evidence does not support that assumption.
People accept a recommendation when it confirms what they already believe and set it aside when it does
not, and this holds whether the recommendation comes from an algorithm or from a human expert [32, 2].
The problem is that a model trained on past decisions and biases reproduces these same patterns, and human
reviewers may therefore reinforce rather than correct existing biases. Human bias enters the data, the model
encodes it, and the human review confirms it again.

The Dutch childcare benefits scandal shows what this produces. The Dutch tax authority used national-
ity in risk-selection and fraud-detection processes, and used it to flag families for closer scrutiny rather than
to decide their cases. Flagged cases were subsequently processed by officials. The national data protection
authority found that both the automated selection and the human investigations that followed were discrim-
inatory [2]. Tens of thousands of families, many of them of foreign descent, were wrongly accused of fraud
and ordered to repay sums running into tens of thousands of euros. Models reproduce biases that came from
humans in the first place, and putting a human back in the loop is no guarantee against them. The scandal
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did not result from a single model alone, but from the interaction of discriminatory risk selection, rigid fraud
policy, weak evidence-based safeguards, and ineffective human review.

4 Linguistic and cultural risks: Québec’s values and realities

4.1 Unequal data, unequal representation

The biases that spread through the dynamics described in Section 3 are not random; they reflect whose data
the model was trained on. Focusing on LLMs specifically, we see that the training material is not an even
sample of the world. It is dominated by content from a small number of wealthy, English-speaking, Western
societies, and contains comparatively little from everyone else. As explained, the model reproduces the
most probable patterns in that data, so it carries this imbalance forward. Québec French, Indigenous lan-
guages, local institutions, and many of the communities served by Québec public bodies are comparatively
underrepresented in the resources used to build and evaluate these systems.

Language. The French generated by these models is often fluent, but existing evaluations identify mea-
surable gaps in their handling of Québec-French linguistic phenomena; Québec French remains compara-
tively under-resourced in NLP datasets and benchmarks [18, 5]. Generic claims of “French-language ca-
pability” therefore do not establish that a model can communicate accurately and appropriately in Québec
public services, and the gap is wider still for the languages of Québec’s Indigenous nations. This is not
only a question of style: Québec sets legal standards for the language of public communication (the Charter
of the French Language, the norms of the Office québécois de la langue française), and any public-facing
system must be evaluated against the legal, terminological, accessibility, and communicative requirements
applicable to the service in question.

Facts. The model is more often wrong about places, groups, and topics that are underrepresented in its
training data [25], and asking the same factual question in French rather than English can change the answer
[31]. For a public service, these findings give reason to expect lower performance on underrepresented
Québec-specific information. That risk must be measured for each intended application rather than inferred
from general multilingual performance.

Values. Cross-cultural evaluations show that model responses do not reproduce the full distribution of
views found within or across populations. Instead, responses often cluster around a limited set of national or
demographic profiles, which varies with the model, prompt language, elicitation method, and topic [37, 7].
The policy concern is therefore not that a model possesses one fixed foreign culture, but that an unrepre-
sentative default may influence communication, prioritisation, or judgment without having been explicitly
selected or transparently documented.

4.2 The impact of bias

The clearest harm is that the bias falls hardest on the people least able to absorb it. Members of the public
may consult general-purpose chatbots to ask how a public program applies to them before reaching an
official channel. For a common case, that may work well. For an unusual one, and especially for cases
where Québec’s rules and regulations differ from the ones in other, better represented countries, replies will
more often be wrong. The people who most need a correct answer get the least reliable one, with no public
body in the loop to catch the error.

The bias also affects language itself. A single reply in French that does not quite match Québec usage
is trivial. But these models now produce so much of the text people read that the words they favour are
beginning to appear in everyday human speech [3]. Applied to French at scale, the same exposure could
pull usage toward the models’ France-leaning default and greater influence from English, and away from the
norms Québec’s law exists to protect. Section 3 described how effects like this compound through feedback
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loops. In a public-service setting, linguistic and cultural mismatch can therefore affect not only tone, but
also accessibility, the interpretation of a request, the information provided, and the exercise of administrative
discretion.

Finally, these models are not passive. They tend to agree with the user they are talking to (sycophancy)
[35], and they can shift what people believe (persuasion) [10]. These behaviours depend on pre-training,
post-training, prompting, interface design, and user characteristics, and providers do not yet control them
reliably. Research has not yet established how consistently these behaviours occur across contexts and how
they affect different users. Yet these are already tools that many people rely on daily, in their work and their
personal lives, and that governments are rapidly integrating into public services.

5 Taking precautions and placing guardrails

The first question is not which model to use, but whether a given task should be automated at all [1]. For
some decisions the answer will be no, and that answer has to be enforceable. These tools are available to
every employee from any browser, and a rule nobody can verify is not a safeguard. Where automation is
warranted, model choice matters, but no model available today is a perfect solution to the problems described
so far. Importantly, there is no reason to expect these issues will be solved by waiting for the next bigger,
better model either. Public services will have to work with imperfect systems for the foreseeable future, so
the precautions have to come from how each system is chosen, deployed, and supervised.

5.1 Evaluation before and during deployment

A model that scores well on a vendor’s benchmark, usually built in English and for the majority case, can
still fail on Québec’s rules, on regional French, or on the people its training data represents least (Section 4).
Each system therefore has to be tested in realistic settings, and the results have to be broken down by group,
by region, and by language, because an average hides the failures that tend to impact the most vulnerable.
The usual guardrails do not remove this need: anchoring a model in approved documents (Section 1) re-
duces invented facts, but it does not guarantee a better alignment with the values and languages; and rules
that block certain outputs catch only the problems someone thought of in advance. Since models change
rapidly, sometimes without notice (Section 2), testing has to continue after deployment, and systems have
to preserve the information needed to reconstruct consequential interactions, including the model version,
relevant instructions, retrieved sources, and material outputs, subject to data-minimisation, access-control,
security, and retention requirements, because a decision that was never recorded cannot be audited or con-
tested.

Québec’s strategy provides for a governance framework and a risk-assessment tool for AI projects [15].
It should be conducted by evaluators who are organisationally and technically independent of the deploy-
ment decision and who have sufficient access to the provider’s documentation, system, and logs. A provider
unwilling to supply what an evaluation needs should be reason enough not to deploy the system. That
independence requires expertise in Québec, and initiatives that build Québec-based evaluation expertise,
including work on Québec French and local institutional contexts, are an important start [9]. Such collab-
orations should not, however, substitute for evaluation that is independent of the provider and procurement
decision.

5.2 Human oversight and citizen recourse

Meaningful human oversight, i.e., human-in-the-loop, is a minimum requirement when an algorithm ma-
terially influences a consequential decision or access to a public service. A trained person should remain
accountable for any decision that affects a citizen, with the time to review the output and the authority to
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overrule it, rather than merely approving it. A service also has to be able to run without the model, which
will at some point be unavailable, degraded, or withdrawn, and staff can only take the work back if they still
know how to do it. There is evidence that reliance erodes that ability [12, 4], so staff have to keep doing the
work unaided at least part of the time.

Nevertheless, even with trained experts, human review is not a catch-all (Section 3). Most systems
prime the human reviewer’s judgment by presenting the model’s assessment first and leaving the human
reviewer to confirm or modify it. Experimental evidence indicates that requiring reviewers to form an
initial judgment before seeing an algorithmic recommendation can reduce anchoring and improve combined
performance [1]. For sufficiently important tasks, interfaces should therefore be tested to determine whether
reviewers should assess the evidence before seeing the model’s recommendation, rather than being primed
by it from the outset. LLMs produce fluent, confident answers whether or not they are correct, and their
errors are plausible enough to survive a quick check (Section 1). A reviewer therefore has little basis on
which to judge how reliable the system in front of them is, and can easily overestimate it. This compounds
a problem that is present even in simpler systems: the better a system appears to perform, the less closely
people check it, and the harder its output is to verify, the more readily they accept it [32]. Higher average
accuracy can increase reviewers’ trust and reduce scrutiny, so the errors that remain may be less likely to
be detected. Evaluation must therefore measure the performance of the combined human-AI workflow, not
only the model in isolation.

Errors will reach citizens whatever the review process, so citizens need protections of their own. They
should be told when a service uses AI, which Québec’s strategy already commits to (Measure 8.1) [15]. They
should have access to a human communication channel, an accessible non-digital route where necessary, and
meaningful human reconsideration of any consequential decision materially shaped by AI. For public-facing
conversational systems, people should also be able to request service from a person without penalty (opt-
out). Section 2 noted that current measures do not guarantee that recourse. Such recourse is meaningful
only if the reviewer has access to the underlying record, the authority to depart from the system’s output,
and the obligation to reconsider the case on its merits.

5.3 Investing in local capacity

Québec is under-represented in the training data of the dominant models (Section 4), and the text that would
correct this, in Québec French, in Indigenous languages, or about Québec’s own institutions and rules, does
not exist at the scale those models were trained on. Bibliothèque et Archives nationales du Québec has begun
building a public bank of governmental and cultural data, now in a funded experimentation phase [24]. Such
collections must be developed with clear provenance, licensing, privacy protection, and documentation of
representativeness. Data involving First Nations languages, knowledge, or communities require governance
developed with the relevant communities require governance developed with the relevant communities;
public availability alone does not establish a right to use those materials for model training. Collections
of this kind may not completely close the gap, but they are essential both for training and for evaluating
systems on Québec’s own terms. These efforts should go beyond just data. Québec has substantial AI
research capacity, and sustaining and directing it toward the problems public services actually face would
strengthen institutional resilience in the AI era.

Québec also needs models it can run itself. Section 2 noted that locally hosted alternatives may involve a
trade-off in general-purpose capability and require substantial local engineering capacity. That cost is much
lower for narrow tasks, and not every task calls for a large language model in the first place: a smaller model
built for a specific job, and hosted locally, can perform comparably to the leading commercial systems [16].
This only works if the model can be trained on enough relevant data and kept up to date, which is why
the collections described above matter. Even then, local capacity is not a cure. A system built on top of a
commercial foundation model inherits the skew of that foundation, trained mostly on English and Western
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data (Section 4). A model trained locally on Québec data may reduce some of that skew, but it can reproduce
biases already present in Québec society and institutions. (Section 3). Running a model on Québec servers
addresses only the privacy risk related to the provider’s infrastructure, without solving the others (Section 2).
A model the government owns still has to be evaluated for the use it is put to, supervised by people who can
overrule it, and answerable to the citizens it affects.

Throughout this brief, we have highlighted how AI technology is unreliable in ways that are hard to
predict (Section 1), difficult to inspect or control (Section 2), prone to systemic error (Section 3), and biased
against the people and places it knows least (Section 4). There are no easy solutions, but we can take precau-
tions and make thoughtful choices when choosing which problems could benefit from AI integration. We
can be more responsible and accountable through testable design of AI solutions, independent and constant
auditing of AI integrated workflows, continuously keeping people involved and capable of performing all
processes, and by offering to all citizens control over when and where AI is involved in decisions that affect
their lives.
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