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Abstract

This article examines the “digital welfare state” historically, presently, and into the future, with a focus on what artificial intelligence
means for welfare surveillance. Drawing on scholarship about the development of bureaucracy, the welfare state, and automation,
as well as specific examples from the Netherlands, I argue that problems posed by artificial intelligence in public administration are
often misplaced or misattributed and that the societal challenges we can expect to encounter in welfare surveillance are more likely
to be historically familiar than technologically novel. New technologies do provide some new capabilities, which explains the uptake
of algorithmic tools in welfare fraud investigation and the use of chatbots in assisting with welfare applications. Algorithmic systems
are also increasingly subject to “audits” and regulations that mandate accountability. However, many of the key issues in the
automation of the welfare state are the same as identified in scholarship that long precedes the current hype around artificial
intelligence. These issues include a persistent suspicion of welfare recipients to justify surveillance as a form of fraud identification,
opaque decision-making, and punitive measures directed against marginalized groups, enacting harm and reproducing inequalities.

Introduction

The “digital welfare state,” according to a notable report by UN Special Rapporteur on extreme poverty and
human rights, is defined as one in which “systems of social protection and assistance are increasingly driven
by digital data and technologies that are used to automate, predict, identify, surveil, detect, target and
punish” (Alston 2019: 4). Among these technologies, “there is little doubt that the future of welfare will be
integrally linked to digitization and the application of artificial intelligence,” which threatens to push us
“stumbling, zombie-like, into a digital welfare dystopia” (Alston 2019: 21). More than four years later, there
has been increased public sector adoption of Al systems (see Maragno et al. 2021; Neumann, Guirguis, and
Steiner 2022), but their uptake for welfare administration remains limited. Al continues to generate attention
as the high-tech frontier of governance, but this distracts from the socio-technical configurations in which
such developments become embedded. By way of discursive shift, any kind of automation in decision
making is increasingly referred to as “Al” and administrative procedures are now being redefined as
“algorithms.” This being said, there are some distinct features of new algorithmic technologies that are
worth considering and that explain their appeal and adoption in certain domains of government.

Contemporary forms of Al are most commonly defined by their ability to “learn” or be “trained” from vast
datasets—what earlier scholarship dubbed “Big Data” and predictive analytics (see Andrejevic and Gates
2014). Through “machine learning” (ML), an algorithm changes as it receives feedback about its
performance and can be updated through the inclusion of new data. Surveillance is therefore initially
implicated in the collection of “training data” for ML and in the assemblage of data sources to categorize
people and their characteristics. The use of large datasets with many variables “to generate new information
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about the state of the world and otherwise unobservable correlations compels policymakers and
administrators to increase existing and deploy new data generating systems” (Young, Bullock, and Lecy
2019: 310). While simpler, rule-based algorithms are well suited for automating many kinds of eligibility
screening, ML-based algorithms excel in finding patterns in data. Therefore, welfare administration tasks
for which Al has been implemented include flagging hidden indicators of fraud (Savage 2021), as well as
risk indicators in child welfare (Eaton 2019). Governments have also been adopting ML-based chatbots to
recommend services or benefits and assist with applications for services (Makasi et al. 2022), but a
predominant use has been welfare surveillance.

In this article, I will focus on the use of Al by state agencies to distribute benefits and welfare and to govern
problems associated with poverty. Since 2018, I have been studying the automation of federal government
services in Canada—a country that has been considered a “world leader” in Al development (Lepage-Richer
and McKelvey 2022), although much of the use of Al in Canada’s government has remained limited to
internal processes (Morrison 2023)." While I draw some examples from Canada and summarize broad
international trends towards digital government, most of my examples of recent welfare surveillance
systems are drawn from the Netherlands, which has emerged as one of the best documented examples of a
“digital welfare state.” This is largely as a consequence of reporting following a major recent scandal (SyRI)
that provided the “clearest warning against technological overreach” in welfare surveillance (Geiger 2023).

Given that surveillance studies is largely interested in problems of governance and information and that
governments have become very interested in artificial intelligence (AI) technologies, it is important to relate
Al to earlier scholarship in surveillance studies, in addition to other work on state governance. In doing so,
we need to counter the reification of Al as a new and distinct phenomenon by locating it within established
sets of problems and solutions, dating back to early projects to manage the poor through statistical
techniques and discussions of automated welfare surveillance from previous decades. My argument is that
we should be more concerned about repeating well-documented issues in the administration of welfare as
new information-processing technologies enter the picture, rather than anything that is fundamentally new
about Al

To limit the scope of this article, I will avoid discussing the use of Al in policing, even though police forces
have been major adopters of Al technologies, and police are heavily implicated in the governance and
reproduction of inequality. Others have analyzed the use of predictive policing to target poor and racialized
populations, particularly through “feedback loops” where data collected about individuals and groups leads
to further surveillance (Benbouzid 2019; Brayne 2020). While the criminalization of poverty is a historically
recurring phenomenon, and police remain deeply involved in various social services, my focus is on the use
of technologies by administrative agencies tasked with making decisions about social welfare. Police
agencies become relevant primarily to the extent that they are involved in welfare investigations and when
they contribute or draw from the assemblage of data used in welfare surveillance (i.e., Davidson and
Adriaens 2022).

Artificial Intelligence as a Political Technology

The current period of hype and attention to Al technologies follows in the wake of previous cycles of Al
“boom-and-bust” (Strickland 2021) or “springs and winters” (Mitchell 2021) that stretch back to the 1950s.
Today’s Al applications are built on the basis of fundamental advances in ML techniques, computational
power, and large datasets over the past two decades, but our expectations of their power and abilities are
often inflated and dangerously anthropomorphized (Weil 2023). While claims and exaggerations about Al
have often been made through comparisons between Al and human minds, it is more helpful to ask how Al
relates to human organizations. Instead of defining Al through its resemblance to human action or cognition,

1 One notable public-facing use of Al in Canada’s government has been for the processing of immigration applications
(including fraud investigation; see Reevely 2021, 2023).
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my focus is on how these technologies are developed to make decisions about people in the present and
future on the basis of vast datasets collected, extracted, and translated from the past.

This article considers Al as a technology of governance, defined primarily by its use of “machine learning”
(ML) algorithms based on statistical reasoning that are then used to make social distinctions and predictions.
Understanding key features of machine learning is often less important than an algorithm’s “objective
function” (Peeters 2020: 512)—what it is “optimized” for or “trained” to maximize/minimize in its decisions
(Croll 2018). In this regard, algorithmic systems resemble narrowly goal-focused actors, such as
corporations and their goal of maximizing profit or government bureaucracies with their clearly defined sets
of inputs and outputs (Penn 2018). Governments have long been automating mundane bureaucratic tasks,
and ML techniques provide just another means of constructing administrative algorithms.

Al is a “political technology” in that it has been historically supported and promoted by governments, is
defined and understood in relation to the problems of governance, and is “centred on the meta-conditions of
social, economic, and political life” (Lepage-Richer and McKelvey 2022: 3). Al technologies are intimately
bound in meaning and intent with power and control as enabled through information processing. The use of
Al for governance has long been imagined (Natale and Ballatore 2020), but algorithmic technologies
labelled as Al have in recent years been adopted by government agencies for a range of information
processing and classification tasks (Maragno et al. 2021). In many cases, however, the label of “Al” is
applied to relatively simple forms of automation and algorithmic classification rather than the specific (ML)
techniques that some associate with “true AI” (Henman 2020: 210).2 A more general and inclusive term is
“automated decision-making” or “ADM systems” (Cobbe 2019)—sometimes used interchangeably with
“Al” by scholars of government (Kuziemski and Misuraca 2020) but connoting a deeper history of
automation.

As with any “new” technology implicated in surveillance, we need to approach claims of novelty with
skepticism, examining their technological antecedents and longstanding governmental goals (Lyon 2014).
While it is true that government agencies now have access to vastly more data than they ever have, and are
employing statistically-based ML techniques for decision-making using this information, the greatest
concerns around such efforts echo those made about earlier periods of automation in government. It is
therefore far more helpful to understand these developments through scholarship on administrative state
governance, rather than anything that might be new about contemporary Al technologies.

Several authors have traced continuities between supposedly new technologies and established forms of
government. Cellard (2022) shows how existing bureaucratic and administrative procedures are now being
“rebranded” as “algorithms,” while Lepage-Richer and McKelvey (2022) compare attributions of
intelligence to machines and state agencies. They argue that national governments might “appear so
receptive to the latest innovations in information processing... because they themselves have been
previously re-configured as information processing systems,” requiring us to consider “government itself as
a form of artificial intelligence” (Lepage-Richer and McKelvey 2022: 2). Alkhatib (2021) draws on Scott’s
(1998) Seeing Like a State to “[frame] the massive algorithmic systems that harm marginalized groups as
functionally similar to massive, sprawling administrative states” (Alkhatib 2021: 2), and Hoffman (2021)
builds on the concept of “administrative violence” carried out by state agencies to develop the notion of
“data violence” carried out through information systems. These conceptual analogies between algorithms
and administrative states are effective, given all that the two have in common. Administrative agencies are

2 Others associate “true AI” with the creation of an artificial “general intelligence,” which like a human being, would
be able to perform a wide range of tasks and reason about the world (Mitchell 2021). However, existing systems
remain far from this ideal and remain tied to statistical techniques. Discussions of ML-based systems make generous
use of human analogies and metaphors to mischaracterize how these systems operate, further contributing to “Al
hype” (Weil 2023).
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increasingly adopting algorithmic systems, and as one consequence, we are appreciating just how
“algorithmic” the work of government agencies has been for a long time before the digital present.

ADM systems are integrated into public sector organizations that often already function as impersonal
decision-making machines, but they do alter the work done by public sector employees, and change the way
information flows in government decision-making. A common way of theorizing these developments has
been to build on Bovens and Zouridis’s (2002) distinction between “street-level bureaucracy” (as
conceptualized by Lipsky 2010) and “screen-level bureaucracy,” “system-level bureaucracy” (Busch and
Henriksen 2018; Elyounes 2021), or the emergence of “street-level algorithms” (Alkhatib 2021). Often,
such scholarship examines what these transformations mean for the discretion exercised by those public
sector employees (including social workers and police officers) who are empowered to make governmental
decisions about people’s lives (Bullock, Young, and Wang 2020).

A particularly important kind of decision made by contemporary governments involves allocating a variety
of benefits to citizens or otherwise qualified recipients. This requires some process of identification, and
often includes the collection of other personal information in order to decide eligibility, making welfare
programs a recurring concern of surveillance studies. Welfare can also be used to exemplify the
“ambiguous” nature of surveillance (Lyon 2007) in that government recognition and government benefits
provide necessary assistance to those in need and may be used to promote equity, while the social sorting
inherent in these processes also function as a mechanism of exclusion, targeting, and oppression. Critical
scholarship has repeatedly argued that welfare surveillance is a political tool to manage marginalized
populations and reproduce their “conditions of abjection” (Monahan 2017), and while it is true that
surveillance-driven social assistance can be used to counteract inequalities, “targeted services always risk
reinforcing the very divisions they seek to undo” (Henman and Marston 2008: 202). When marginalized
groups are targeted for surveillance, the information that is obtained can create a feedback loop, justifying
further surveillance and social control (Eubanks 2018). When algorithms are involved, disproportionate
outcomes are reproduced under “a veneer of objectivity” (Keddell 2019: 9).

Although welfare surveillance programs do end up targeting individuals and families, they are based on
government concerns with larger, collective phenomena, including class, gender, and race or colonial
relations. Population-level surveillance began with the creation of the “population” as an object to be
measured through official statistics, as part of new “biopolitical” strategies for managing the population’s
problems and maximizing its potential (Ruppert 2012). Poverty and early forms of social welfare were
among the problems of the state and its population that statistics were created to address. These included
debates over the causes of “pauperism” and the administration of the “Poor Law” in England during the
late-nineteenth and early-twentieth centuries, and the use of techniques such as correlation and regression
by the eugenicist pioneers of statistics to model the biological inferiority of the lower classes (Desrosiéres
1998). Statistical techniques would eventually become a foundation for today’s Al systems, many of which
classify or predict optimal outcomes based on patterns found in historical datasets that they are “trained”
on. In addition to these statistical foundations, more specific ways of measuring and classifying human
characteristics in Al systems, such as gender and race classification or facial identification, are based upon
old methods for measuring and categorizing human populations (Scheuerman, Pape, and Hanna 2021; Stark
and Hutson 2022; Taylor, Gulson, and McDuie-Ra 2021).

Developing the Welfare Surveillance State

The spread of “welfare state” policies around the world (beginning with Germany in the late eighteenth
century) and the characteristics these assumed in different countries has been theorized through literature
on “policy diffusion” and “policy translation” (see Béland et al. 2022). Given the historical transformations
involved, it is difficult to identify the core ideas, rationalizations, and political goals of the “welfare state,”
but in general the development of post-World War II welfare programs should be interpreted not as “as a
response to the demand for socioeconomic equality, but to the demand for socioeconomic security” (Flora
and Heideheimer 1981: 23). In Canada, for instance, the mid-twentieth century creation of “social security”
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was tied to “a broad strategy to stabilize society, contain socialism and communism, and ease class
conflict”—one that avoided characterizing inequality as the problem or redistribution as its solution but was
“strictly about providing a basic minimum of material security” (Sager 2021: 268). In the Netherlands, social
security was the outcome of negotiations between employers, unions, and the state, wherein business leaders
sought to maintain “harmonious” relations with labor (Oude Nijhuis 2018; Touwen 2023).

The twentieth-century welfare state was made possible by the growth of government bureaucracy, record
keeping, and identification systems, all of which enabled closer surveillance of populations as well as
individuals. “Public administration” normalized these surveillance practices by requiring citizens to provide
personal information in order to receive services, by maintaining records about these citizens, and
increasingly by connecting together records from different sources (Webster 2012). Greater use of computer
systems in the late-twentieth century “increased the relevance of personal data for the modern welfare state”
(Gantchev 2019: 6) and heightened the asymmetry in power between individuals and bureaucratic
institutions, gradually making surveillance “more extensive, more efficient, and less obtrusive than former
methods” (Gandy 1989: 62).

While social welfare can be broadly defined to include benefits and services provided by state and non-state
entities, including education, health insurance, and housing (Henman and Marston 2008), my focus here is
on the targeted provision of welfare by state agencies to those most “in need,” which can often translate to
identifying and distinguishing the “deserving” and “undeserving poor” (Romano 2018). Welfare regimes
that include a “means test” to determine eligibility are particularly prone to expansive surveillance, as these
justify investigations and accounting of resources available to welfare applicants or determinations about
their ability to work (Gilliom 2001). Such “welfare conditionality” has arguably become more common in
the late-twentieth and early-twenty-first centuries (Gantchev 2019), requiring applicants to submit evidence
to establish their worthiness, to undergo “forensic” examinations of their financial and medical
circumstances, and for successful applicants to be subject to continuous monitoring to maintain their benefits
(Whelan 2021). This coincides with growing concerns over efficiency and welfare “fraud” that accompanied
what is widely characterized a neoliberal shift in governance at the same time as countries were increasingly
turning to computerized databases and algorithms to administer benefits (see Maki 2021).

In the Netherlands for example, the 1980s were the beginning of a period of welfare retrenchment and
concerns about worker “inactivity,” which led to a greater emphasis on fraud detection (Oude Nijhuis 2018).
By the mid-2000s, an early ADM system was being used to hunt for welfare fraud by comparing recorded
water usage at a residence with the number of people claiming to be living there (Gantchev 2019: 16). In
more recent years, much of the responsibility for fostering a “participation society” in the Netherlands
(toward greater participation in the workforce) has been decentralized or shifted to local governments (van
Kersbergen and Metliaas 2020). This local government responsibility includes fighting welfare fraud, with
political pressure to tackle fraud increasing as a result of several incidents “involving individuals with an
immigration background” (Ranchordas and Schuurmans 2020: 11-12). By 2019, fraud investigations were
found to be a major application of “public sector data analytics” in the Netherlands (van Veenstra, Grommé,
and Djafari 2020).

ADM systems, including ones based on relatively simple algorithms and more sophisticated machine
learning techniques, have been incorporated into a well-defined “problem space” for the public
administration of welfare—how to get benefits into the hands of the “right” people and not the “wrong”
kind. What exactly defines the category of the “undeserving” (Romano 2018) has been historically
contingent, with many recent surveillance regimes being devoted to identifying and excluding those who
are guilty of welfare fraud. Such “fraud” can include not providing up-to-date circumstances of one’s
situation to authorities or the myriad forms of “everyday resistance” that welfare recipients use as “survival
strategies” (Gilliom 2001). The social construction of welfare fraud has been broadly theorized as part of
the criminalization of poverty or the criminalization of welfare (Dobson 2019; Gustafson 2011).
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What is algorithmically classified as “fraud” can be modeled from a growing number of variables, but
computer-mediated welfare surveillance inherits earlier attitudes and assumptions about the moral
regulation of the poor (Maki 2021). These include thousands of years of concern over incentives to be “idle”
from work, the prevalence of which has more to do with periods of “moral crisis” rather than neoliberal
preferences for a shrinking state (Romano 2018). The wider category of “the poor” has long been subjected
to high levels of surveillance, not only due to generalized concerns over danger and moral deviance but also
as legitimated by the understanding that a person receiving assistance from the state should open themselves
up to ongoing state scrutiny. In the words of Coser (1965: 145), “the protective veil [of privacy] available
to other members of society is explicitly denied to them.” Welfare regimes vary in the extent to which this
scrutiny involves assessing “initial eligibility” up-front or “continuing eligibility” (Fellowes and Rowe
2004: 365) and auditing after-the-fact. However, contemporary welfare regimes fundamentally require a
way to identify applicants and sort large volumes of files, and several examples from the Netherlands
illustrate the dynamics involved as algorithmic systems are combined with a growing abundance of data
sources.

Automated Welfare Surveillance in the Netherlands

According to an article in /EEE Spectrum, the first instance in which “Al had a hand in forcing a government
to resign” occurred in January 2021, after it had become clear that thousands of people in the Netherlands
had been wrongly suspected and punished for child benefit fraud (Rao 2022). The Dutch SyRI scandal was
presented as a “warning” about the use of Al in government, and while the algorithm that created the
problematic risk profiles was described as “self-learning” (Heikkild 2022), the actual details of the ADM
system used were so opaque (lack of transparency being part of the problem) that it is impossible to know
whether techniques such as machine learning were actually involved (van Bekkum and Borgesius 2021).
The claim that a government institution was “felled by AI” (Rao 2022) is an example of Al hype that
attributes far too much agency to these technologies, but it may also reflect a European regulatory definition
of Al that can broadly encompass a variety of automated systems. Indeed, the scandal appears to have much
in common with other notable failures of ADMs since the early 2000s, wherein pressures to cut costs and
identify cases of fraud caused serious harm to large numbers of people who happened to be flagged by an
algorithm (Eubanks 2018; Mann 2020; Peachey 2022).

First, regardless of the nature of the algorithm involved, it is indeed correct to see the Dutch SyRI scandal
over child care benefits as a “warning” (Heikkild 2022), because the issues underpinning it will continue to
be relevant even as technologies change. Concerns over human involvement and discretion, as well as
algorithmic transparency, can be identified across the wide range of ADM systems. Rather than heading
toward a future where autonomous machines replace human bureaucrats, we live in a present where
bureaucratic decisions are made in socio-technical systems that “imbricate” (Leonardi 2011) human and
non-human agency. In the Netherlands (Burgess, Schot, and Geiger 2023; Elyounes 2021: 504) and
elsewhere (Burke and Ho 2022; Geiger 2023; Reevely 2021), there has been a tendency for governments to
highlight how a human being acts as the final decision-maker in order to counter concerns about automation.
This can be used to deflect attention from the ways that technologies shape or direct these human decisions.
In many examples of algorithmic governance, human discretion has shifted to the design and configuration
of decision-making systems or to decide on cases that have been algorithmically flagged for scrutiny
(Elyounes 2021), and such hybrid forms of decision-making will continue to characterize the automation of
public services in the future.

One place that human agency remains central for ADM systems is in the decisions around their procurement
and deployment. In the Dutch SyRI scandal, a key way in which inequality was reproduced was through the
human decision to target the algorithm at low-income or “problem” neighborhoods (van Bekkum and
Borgesius 2021; Wieringa 2023), similar to how predictive policing systems are more often directed at
disadvantaged populations (Brayne 2020). Dutch welfare surveillance continues to target particular
neighborhoods (Davidson and Adriaens 2022), and the choice to deploy these systems against populations
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that are predominantly poor, racialized, or of immigrant background is just as important for the reproduction
of inequality as how these algorithms function.

Inequality is reproduced through a variety of channels that complement one another in reinforcing existing
hierarchies and targeting social control against marginalized populations, but ML algorithms can
statistically reproduce social inequalities in their training data, even along lines (i.e., race or ethnicity) that
are not explicitly being measured. While governments are typically prohibited from discriminating on
certain grounds, these characteristics become encoded indirectly or through proxies in data, the number of
which increases with the size of the datasets used. In the Netherlands, the government is prohibited from
discriminating on the basis of ethnicity, and as a consequence, datasets used in welfare surveillance do not
list ethnicity as a variable. However, there are numerous other correlates with ethnicity (such as language
fluency), and these can result in the disproportionate targeting of ethnic groups for fraud investigation
(Constantaras et al. 2023; see also Belleman, Heilbron, and Kootstra 2023).

More recent examples of welfare surveillance in the Netherlands highlight additional problems of opacity
and explainability in complex ADM systems. In 2020, officials in the Dutch region of Walcheren were
concerned that their own fraud detection algorithm raised similar issues to SyRI, but they struggled to
understand how the algorithm worked because of a lack of transparency from the private-sector developers
of the algorithm as well as their own lack of technical expertise. The system “analyzed details of local people
claiming welfare benefits and then sent human investigators a list of those it classified as most likely to be
fraudsters,” but a subsequent audit found that “The risks indicated by the Al algorithm are largely randomly
determined” (Meaker 2023). While in the SyRI scandal, decisions about benefits fraud could draw on
seventeen broad categories of data from various sources (van Bekkum and Borgesius 2021), a complex ML-
based fraud detection algorithm deployed in Rotterdam between 2017 and 2021 used 315 variables to
calculate a person’s risk score. Even so, Rotterdam’s algorithm was described as “alarmingly inaccurate”
(Constantaras et al. 2023), and it is worth remembering that the ability of ML-based algorithms to predict
individual actions or experience has often been hyped or exaggerated and that models trained on thousands
of variables may perform no better than simple algorithms based on a few (Salganik et al. 2020).

The power of these systems lies in their ability to statistically model complex patterns rather than applying
clear criteria for decisions, which raises particular problems for government accountability and
administrative justice (Henman 2020) and perhaps even undermines core justifications for the existence of
administrative agencies (Calo and Citron 2021). While it is true that ML-based algorithms pose additional
challenges to transparency and the explainability of government decisions due to their complexity,
ambiguity, or incommensurability with human reasoning (de Bruijn, Warnier, and Janssen 2022; Fazi 2020),
there are often more fundamental problems in how these systems are used, including forms of opacity,
secrecy, or barriers to government accountability that can make it difficult to determine how decisions are
being made (Burrell 2016). Although it was complex, Rotterdam’s algorithm could still be subjected to an
external audit (resulting in its suspension in 2021), and it was disclosed to journalists “when faced with the
prospect of potential court action under freedom-of-information laws,” allowing for some public
accountability for how risk scores were calculated (Constantaras et al. 2023). Details of SyRI also had to be
fought for through freedom-of-information, with the Dutch government keeping its risk calculation methods
secret to avoid giving “criminals an advantage” (Gantchev 2019: 18). Other governments have similarly
opposed disclosing details about their “cutting-edge” algorithmic technologies because they claim this
would make it easier to commit fraud (Savage 2021; see also Solano 2022). In other cases, the secrecy
results from the private companies that develop these systems protecting what they claim as intellectual
property (Meaker 2023; Ranchordas and Schuurmans 2020: 28-29).

Concerns about enabling fraud or violating intellectual property should not prevent the decisions made by
ADMs from being systematically monitored. Indeed, just as ML-based techniques have become widely used
in auditing (Fedyk et al. 2022) to identify “fraud,” “anomalies,” and “improper payments” (Bullock, Young,
and Wang 2020), algorithmic systems are themselves increasingly being audited by internal and external
actors. There are different approaches to what such an audit should encompass (Vecchione, Levy, and
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Barocas 2021)—whether to include training data, the resulting algorithms, or their consequences. Some
aspects of how algorithmic systems operate may be inscrutable to auditors, particularly if these are external
actors who may only be able to track the “impacts” of the system through some of its decisions (Raji et al.
2020). But internally, algorithmic systems can be characterized by a high level of traceability that can enable
“self-auditing,” even if such audits themselves rely on the use of algorithmic techniques, so that “evaluation
and auditing become inter-algorithmic in form” (Power 2022: 6).

The Future of Automated Welfare Surveillance

There is nothing inevitable about the use of new algorithmic technologies for the automation of welfare,
and many experimental and pilot projects have not proceeded beyond initial stages, with some rolled back
following scrutiny (i.e., Ho and Burke 2022). However, it is likely that, in addition to the continued use of
algorithms to identify fraud or other forms of deviance, ADMs will eventually become more integrated into
the delivery of services and the allocation of benefits. As one example, Statistics Canada imagines a future
where the agency collects “microdata” from many new sources and uses Al or predictive analytics in order
to help guide the decisions of both individual “clients” and government providers of social services
(Statistics Canada 2022).3 While one goal is to develop predictive models to identify who will require what
kinds of services in the future or to target services based on risk, few governments have implemented such
systems, and in the short term, we are more likely to see continued automation in screening for eligibility
and fraud.

A predictable consequence of this kind of automation is the production of harm “at scale,” whether through
algorithmic errors or as the technological reproduction of inequalities. Growing awareness of these harms
is contributing to regulatory pressure towards greater accountability for algorithmic systems (Burke and Ho
2023; OECD 2023). In the Netherlands, the SyRi scandal was specifically cited as a reason behind the
creation of a new national algorithmic regulator (Out-Law News 2023), with government bodies now
required to post information about their algorithmic systems in an online register. The Netherlands has also
pushed for greater transparency requirements in the EU’s Al Act (Bertuzzi 2022), which is being closely
watched by countries outside the EU.# While opacity and inscrutability remain major concerns for ADMs,
particularly for “black box” ML-based models, algorithms are increasingly the targets of regulatory
attention.

Conclusion

Welfare surveillance focuses, by definition, on the most vulnerable and marginalized. Driven by a hunt for
efficiencies and the reduction of fraudulent claims, governments have increasingly turned to “Al”
technologies that effectively automate population-level statistics. We know that when such systems do
wrong, denying benefits and punishing those most in need, the consequences can be a matter of life and
death. Even when such systems work as intended, they can contribute to structural inequalities and the
disproportionate surveillance that has historically been directed against the poor.

There are ML-based techniques for welfare administration that take a more proactive approach in predicting
risk and matching people and services. Forms of surveillance that make the conditions of poverty more
visible can be justified as ensuring that people do not fall into “gaps”—that they are not excluded from

3 This data collection is to be guided by the agency’s “Necessity and Proportionality Framework,” which was
developed after the federal Privacy Commissioner found that an effort to collect household banking information
raised “significant privacy concerns” in 2019. As it currently stands, the Office of the Privacy Commissioner (2021)
has found Statistics Canada’s Framework to be unsatisfactory in addressing these concerns.

4 For example, the EU’s AI Act has significantly influenced Canada’s recently proposed Al regulations, which have
been designed for “inter-operability” with the European approach (ISED 2023).
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services or “miss out on resources that help them overcome their marginalisation” (Clarke, Parsell, and Lata
2021: 410). However, welfare reforms in recent decades have been justified more on the basis of efficiency
and fighting fraud. In the SyRI scandal, this resulted in thousands of people being wrongly accused, but it
is important to remember that welfare surveillance causes harm even when decisions are not made in error.
Tying extensive scrutiny and testing to social benefits is experienced as privacy-invasive and controlling
even in the absence of algorithms (Gustafson 2011; Whelan 2021). Using surveillance to detect rule
violations and impose punitive sanctions (loss of services, major fines, police involvement) results in a range
of harms against people who may find the rules difficult to understand or impossible to comply with while
surviving on the margins (Gustafson 2011). Scholarship on welfare surveillance shows how these harms
disproportionately affect specific (often racialized) groups, further compounding existing structural
inequalities and reproducing structural violence (Monahan 2017).

A more critical argument against welfare surveillance is that “while surveillance ‘could’ technically be
designed to help, considering the history and treatment of the poor, surveillance in the welfare system is
highly unlikely to actually benefit them” (Maki 2021: 71). Instead, welfare surveillance has primarily been
carried out to meet government’s organizational goals, such as increased efficiency and limiting payments
to the “undeserving.” Even if we accept that welfare surveillance can have benefits, focusing on making
“better” surveillance systems can distract us from more fundamental structural and political issues that
underlie the production of poverty (Clarke, Parsell, and Lata 2021). Marginalization cannot be meaningfully
addressed through better data collection and tinkering with algorithms to make them more fair or inclusive.

In considering the role of Al in the present and future of the digital welfare state, there are a few other things
to keep in mind. First, there are the strong continuities with histories of state statistics, bureaucracy, the
administrative state, and earlier forms of automation and welfare surveillance, all of which remain highly
relevant. The struggles of people against the administrative categories used to make them legible, the
associations between social assistance and moral worth, and the use of “neutral” technologies to enforce
political preferences will be repeated even as technologies change. What we call “AI” does not deserve
credit for transforming these dynamics, and elevating it as a transformative force works to reify Al as an
object and contribute to the hype fueling its proliferation.

ML-based systems do have unique abilities in modeling patterns found in large datasets of many variables,
which can encourage governments to engage in further data collection and the incorporation of additional
databases. However, this approach does not align with the goal of making eligibility decisions based on
explicit criteria in a way that people can understand. Instead, ML is used largely to identify cases that do
not fit a given pattern (as anomalies), to identify cases that fit a problematic or deviant pattern (as with
fraud), or for producing textual outputs based on similarities between an individual case and others it is
comparable to (as with chatbots and recommendation systems). Present uses of these technologies owe far
more to the contexts of the institutions in which they are employed than anything distinguishing them from
previous information-processing systems. As things stand, we have more to fear from repeating historical
harms of automation and the administrative state than any dangers that are specific to Al.
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