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Global Perspectives 

The recent surge of interest in algorithmic decision-making among scholars across 
disciplines is associated with its potential to resolve the challenges common to 
administrative decision-making in the public sector, such as greater fairness and equal 
treatment of each individual, among others. However, algorithmic decision-making 
combined with human judgment may introduce new complexities with unclear 
consequences. This article offers evidence that contributes to the ongoing discussion 
about algorithmic decision-making and governance, contextualizing it within a public 
employment service. In particular, we discuss the use of a decision support system that 
employs an algorithm to assess individual risk of becoming long-term unemployed and 
that informs counselors to assign interventions accordingly. We study the human 
interaction with algorithms in this context using the lenses of human detachment from 
and attachment to decision-making. Employing a mixed-method research approach, we 
show the complexity of enacting the potentials of the data-driven decision-making in the 
context of a public agency. 

INTRODUCTION 

Algorithms are becoming widely adopted in public services 
as a means for both improving service efficiency and provid-
ing new services through the newfound capacity to process 
vast volumes of data. The appropriation of developments 
from industry and profit-driven enterprises by governments 
undergoing digital transformations has led to improve-
ments in public services and innovation through the devel-
opment of datacentric capabilities (Catlett and Ghani 2015). 
In public service practice, the outputs of the models trained 
by algorithms are usually embedded into software that sup-
ports routines relevant to the decision makers and those 
who implement them. The software, usually referred to as 
a decision support system, provides information that may 
support humans in completing part of a task or an entire 
task by analyzing large volumes of data, making a decision, 
and prescribing actions verifiable by humans (Gillingham 
2019a; Wagner 2019; Raso 2017). The level of task execution 
completeness may also be referred to as the level of au-
tomation. There are high perceived potentials of the de-
cision support systems in social work (Gillingham 2019a), 
which may be further fueling the enthusiasm for what is 
known as the digital era of governance (Dunleavy et al. 
2005). Enthusiasm aside, recent implementations of the de-
cision support systems in the social welfare sector have un-
earthed many challenges that originate at or are affected 
by the interactions of frontline workers (or street-level bu-
reaucrats) and citizens, where the algorithm-informed or 
algorithmic decisions are interpreted for the citizens at the 
workers’ discretion. The frontline workers’ exercise of dis-
cretion, or how they make decisions within their job con-
straints, has been captivating scholarly interest for decades 
(e.g., Lipsky 2010). The introduction of algorithms at work 
only added to the complexity of the workers’ tasks and the 
importance of this topic; these workers are simultaneously 
managing numerous policies and programs, trying to live 
up to social expectations, and coping with the constraints 

imposed by increasingly complex digital tools 
(Binns 2019; Hupe 2019; Raso 2017). 

The algorithms may render the employees as the inter-
preters of results presented via simple user interfaces, often 
leaving them oblivious to the complex analysis that gener-
ated the results (Bader and Kaiser 2019; Lavalle et al. 2011). 
The opacity inherent to algorithms (Burrell 2016), the over-
simplicity of the interfaces that present the results (Bad-
er and Kaiser 2019), or the lack of adequate management 
of algorithms as the underlying data change over time may 
lead to frustrations or doubts about the outcomes of the 
algorithmic decisions (Lebovitz, Levina, and Lifshitz-Assaf 
2019; Kellogg, Valentine, and Christin 2020). As a result, the 
algorithms at work may lead to the development of prac-
tices that significantly depart from the expectations in or-
ganizations (Bader and Kaiser 2019; Raso 2017), which in 
turn create a negative feedback loop that challenges the 
learning process from the data and the metrics used to eval-
uate the effectiveness of the algorithms, and ultimately di-
minishes the ability to improve the algorithms over time. 

There is an ongoing debate about the degree of decision-
making automation that should be used at the street level 
of hierarchy, which ranges from human intelligence alone, 
through its combination with algorithmic decision-making, 
all the way to fully autonomous algorithmic decision-mak-
ing (Wagner 2019; Gillingham 2019b; Günther et al. 2017; 
Raso 2017). This debate is partly fueled by the existence of 
divergence between algorithmic and human decision-mak-
ing logic (Bader and Kaiser 2019). Although evidence ex-
plaining these complexities at street-level decision-making 
is accumulating, there is still a need to extend the evidence 
base, as well as to extend our understanding of the nature 
of the interaction of algorithms and humans in public agen-
cies, and the implications for the individual employees, or-
ganizations, and social welfare. 

In this article, we study a hybrid, human-computer de-
cision-making system within the context of a public em-
ployment service (PES). The objective of the study is to un-
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derstand the complexity of an algorithmic long-term unem-
ployment risk assessment system, how it is used in practice, 
implications of the gap between the designated and the as-
sumed roles of the system, and the potential of the system 
to contribute to the fulfillment of the organization’s pur-
pose: impactful support to the unemployed. Furthermore, 
this article seeks to expand present literature on the limita-
tions and strengths of the interactions between human and 
algorithmic decision-making, which incompletely considers 
the individual and organizational impact of algorithms at 
work. To achieve the objective, we collected empirical da-
ta from managers and counselors from a PES in Portugal. 
More specifically, we conducted interviews with the man-
agement, two job visits in loco, and two focus groups with 
counselors. We further tested some of our findings with a 
survey of the broader group of counselors. 

BACKGROUND 
PUBLIC EMPLOYMENT SERVICES AND ALGORITHMIC DECISION-
MAKING 

Public employment services (PESs) are government agen-
cies that provide vocational training and career counseling, 
and promote employment opportunities among both the 
unemployed as well as employed individuals looking to 
reskill, upskill, or pursue a new career path. In present-day 
PESs, as in most of the other public services, resources are 
limited and often oversubscribed (Lipsky 2010). 

Many clients of PESs are from vulnerable or marginalized 
populations and may face personal and professional hard-
ships, often because of their professional or socioeconomic 
status (Diette et al. 2012). PESs must help their candidates 
navigate uncertain labor markets characterized by fluctu-
ating economic conditions and sometimes discriminatory 
hiring practices biased against sensitive groups, like older 
workers or people with disabilities (Becker, Fernandes, and 
Weichselbaumer 2019; Carlsson and Eriksson 2019; Kübler, 
Schmid, and Stüber 2018). 

Historically, PESs are affected by global trends in public 
management. These trends are often greeted with elevated 
expectations, and subsequent changes in trends arise as 
a response to unmet expectations and mixed successes of 
previous trends. For example, the businesslike managerial 
approaches known as “new public management” dominated 
in the 1980s and 1990s (Hood and Peters 2004; Hupe 2019). 
That trend was followed by the rise of information technol-
ogy usage, or the “digital era of governance,” in the late 
1990s in response to the mixed success of new public man-
agement (Dunleavy et al. 2005). 

Even though information technology is at the core of 
public administration tasks (Dunleavy et al. 2005), after 
more than two decades of experimentation, the current 
trend of algorithmic use in decision support systems re-
mains in its infancy (Gillingham 2019b). 

Presently, most PESs maintain high-touch interactions 
between counselors, or street-level bureaucrats (Lipsky 
2010), and the citizens. To obtain rights to assistance, un-
employed individuals must register at a PES and provide in-
formation about themselves and their job situation to the 
counselors. Based on the data at hand, and the information 
provided by decision support systems, the counselors inter-
pret and implement policies, resolving ambiguities by con-
sidering the specificities of each case (Hupe 2019). 

In democratic societies, it is desirable for public service 
provision to conform to the Weberian ideal of governance 
such that centrally devised rules need to be uniformly and 
equitably implemented. However, such implementations 
are hardly achievable because of the inevitable lack of rule 

specificity. Public policies often contain ambiguities and 
conflicts that need to be handled simultaneously (Zacka 
2017). Since it is unlikely that all policies are well defined, 
the counselors often make decisions using their profession-
al judgment instead of conforming with the detailed legal 
rule (Kagan 2010). This flexibility in applying the rules also 
implies that the counselors are under the scrutiny of their 
managers and the public. Namely, there are organizational 
constraints and goals as well as social norms and moral ex-
pectations regarding the public service. What is the source 
of this “rule and discretion” paradox, and why is it persis-
tent? 

When considering the distribution of public goods and 
services, Lipsky (2010) suggests that they are distributed 
differentially. In operational terms, triage, or categorization 
of cases based on the urgency and potential impact of the 
intervention, is a standard model of differentiation in PESs 
as well as other street-level bureaucracies. Frontline em-
ployees are given significant discretion in order to meet the 
demands of their workload, albeit discretionary judgments 
leave room for routine abuse. Counselors may make a biased 
decision, such as selecting top candidates who are most 
likely to succeed, or treat some clients preferentially (Lipsky 
2010). The persistence of such biases is tolerated because 
street-level bureaucrats are expected to process all the cases 
and give form to the at times ambiguous and contradictory 
public policies (Zacka 2017). Street-level bureaucrats need 
to come up with solutions for a problem at hand based on 
the available regulations, their knowledge, and their expe-
rience, under time pressure and the cognitive burden of rec-
ognizing the idiosyncrasies of every individual. These fac-
tors and resulting decisions can be reasonably expected to 
vary significantly among counselors. Hence those who seek 
to design public services that are transparent and fair and 
offer equitable distribution of public goods are likely to see 
big-data-driven algorithmic decision-making as a step in 
that direction. 

ALGORITHMIC DECISION-MAKING, LONG-TERM 
UNEMPLOYMENT, AND HUMAN DETACHMENT AND 
ATTACHMENT TO DECISION-MAKING 

The availability of large amounts of data about human ac-
tivity, increasingly affordable computational capacity to 
process the data, and the development of sophisticated ma-
chine learning algorithms have created a unique opportu-
nity to tackle complex societal issues (Lepri et al. 2017). 
The economic value produced from the use of the algo-
rithms is a typical driver of their advancement and imple-
mentation, enabling more accurate decisions, automating 
work, enhancing organizational learning, or pushing the in-
novation frontier and allowing new practices and process-
es or even externalizing services (Kellogg, Valentine, and 
Christin 2020). 

Algorithmic decision-making (ADM) may be defined as 
the automation of decision-making via computerized pro-
cedures that transform large volumes of input data into de-
sired outputs and may be considered as a way to standard-
ize routine working decisions (Möhlmann and Zalmanson 
2017; Gillespie, Boczkowski, and Foot 2014). In public ser-
vices, ADM could improve efficiency, quality, and consisten-
cy of the delivery of services at optimal cost. It may also in-
crease the availability of process information to all stake-
holders and enable preventive action by predicting out-
comes (Sunstein 2012). Today, many decisions are made or 
assisted by algorithms—for example, stock trading, polic-
ing, or hiring (see Lepri et al. 2017). Machines have an ad-
vantage over humans for routine tasks where patterns of ac-
tion exist, due to their robust ability to learn rules from the 
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data by processing more information than any human could 
alone. While there is no doubt about the vast potential of 
the automation of decision-making, there are also many 
challenges related to building, implementing, and main-
taining decision support systems with embedded ADM. 

Industrial psychologists and systems analysts have been 
studying the role of humans in human-computer systems 
for several decades, including the shift of responsibility for 
decision-making from humans to machines (Zerilli et al. 
2018). With increasing advanced and affordable automa-
tion, more human-performed jobs will shift from opera-
tional to supervisory (Strauch 2018). An issue of having hu-
mans as supervisors is that they may miss noticing that 
there is a problem in algorithmic decision-making until sig-
nificant damage becomes visible. Also, evidence suggests 
that human overreliance on algorithmic decision-making is 
an issue that afflicts experts and novice alike and is gener-
ally resistant to training (Zerilli et al. 2018). The potential 
scale of the impact of algorithmic decision-making is a 
source of significant concerns, which is why it is subjected 
to high standards of (i) transparency, or openness about the 
analyzed data and the mechanism underlying the model; (ii) 
accountability, or responsibility for the actions taken based 
on the decisions; and (iii) fairness, which is interpreted as 
the lack of discrimination or bias (Lepri et al. 2018). Let 
us recall the earlier discussion about the street-level pol-
icy implementation and discretion in decision-making by 
the frontline employees. Considering the weight of human 
decision-making and discretion in existing systems, some 
scholars question if we are guilty of counterproductive dou-
ble standards: too many restrictions imposed on algorithms 
that were never imposed on humans and street-level bu-
reaucrats (Zerilli et al. 2018). 

Depending on decision factors, like the length of the task 
and the liability of the outcome, the systems that employ 
algorithms may be designed with varying roles for the al-
gorithms and the humans. For example, Facebook has de-
ployed algorithms to scan posts for offensive content, 
thereby handling the time and scale issues of the task. How-
ever, in the end, the decision to remove an offensive post 
from Facebook’s platform must, in many cases, be “rubber-
stamped” by a human agent (Wagner 2019). Such a system 
is said to have “human-in-the-loop” and is considered a 
quasi-automation (Danaher 2016). As the decision-making 
takes place, the actual roles of humans and the algorithms 
may change, and defining and clarifying their roles has just 
begun (Bader and Kaiser 2019). Binns (2019) argues that 
some decisions require human discretion and cannot be 
made rules-based by an algorithm, such as determining 
what is just or fair; fairness can be derived only from the 
specific social and institutional context. The need for quasi-
automation becomes more apparent when considering that 
many algorithms are “black boxes,” meaning that their de-
cision-making processes are not transparent or easily un-
derstood by humans. The lack of transparency inherent to 
complex models can result in a lack of accountability, which 
in some contexts can be mitigated by an assemblage of hu-
mans and computers (Ananny and Crawford 2018). 

Although it seems that the true potentials of the decision 
support systems have yet to materialize, significant efforts 
have been invested in the introduction of software to record 
processes and generate high-granularity transaction data, 
allowing experimentation with algorithmic decision-mak-
ing in PESs. For example, many PESs have adopted predic-
tive modeling as a tool to forecast registrants’ employabili-
ty, in order to facilitate counselors’ work of triaging the al-
location of limited resources to those most in need 

(Scoppetta and Buckenleib 2018; Sztandar-Sztanderska and 
Zielenska 2018; Loxha and Morgandi 2014; Matty 2013; Ri-
ipinen 2011; Caswell, Marston, and Larsen 2010; O’Connell, 
McGuinness, and Kelly 2010; Payne and Payne 2000). 

In practice, there are different ways to implement triage 
for allocating interventions. For example, in some imple-
mentations, interventions are assigned to unemployed can-
didates according to an assessment (score) of employability, 
which is computed by a machine learning algorithm (Sztan-
dar-Sztanderska and Zielenska 2018; Caswell, Marston, and 
Larsen 2010). However, as highlighted by recent reports, 
such tools may provide little added value on their own. To 
be effective, they must be well implemented and well in-
tegrated into the broader system (Lipsky 2010; Mostafavi, 
Liu, and Barnes 2015). Ultimately, the success of such tools 
depends on their adoption by the counselors (Lipsky 2010). 
There are few regulations and laws in place governing the 
interactions between case counselors and the unemployed. 
For example, a study of Poland’s PES system revealed that 
case counselors are not always transparent about the use 
of the profiling system with the unemployed (Sztandar-Sz-
tanderska and Zielenska 2018). Several studies analyzed the 
effectiveness of profiling systems (Lipsky 2010; Mostafavi, 
Liu, and Barnes 2015; Weber 2011) and how profiling tools 
are used by counselors in practice (Weber 2011; Sztandar-
Sztanderska and Zielenska 2018). However, while the extant 
scholarly work shows that frontline employees struggle to 
use the systems that employ AMD with poorly implemented 
off-the-shelf software interfaces (e.g., Raso 2017), the evi-
dence base is still weak and arguably incomplete. 

The central aim of this study is to contribute to the un-
derstanding of the public service employees’ perceptions 
and their use of algorithms for decision-making. We are ex-
ploring the complexities emerging from working with algo-
rithms via decision support systems, in addition to the “reg-
ular” complexities of implementing public policies and re-
solving the associated ambiguities for citizens, within a re-
source-constrained environment and under the social ex-
pectation of human, fair, and equitable service. We follow 
the approach of Bader and Kaiser (2019) and employ the 
concept of human detachment from and attachment to the 
decision-making process (Hennion 2017) to understand the 
interactions of street-level bureaucrats with algorithms in 
the context of algorithmic decision-making for benefits al-
location to help the unemployed. Attachment in this con-
text refers to human engagement in the decision-making: 
how much do they hold to it, and are they being held by that 
decision? Detachment is the opposite: low human involve-
ment in the decision-making process. 

While the work of Bader and Kaiser (2019) focuses on the 
mediating role of the user interface, our goal is to under-
stand organizational factors and individual perceptions that 
may influence the emergence of different human practices 
and challenge the “rule or discretion” dilemma in the age of 
algorithms. 

RESEARCH CONTEXT AND METHODS 
RESEARCH CONTEXT 

The Portuguese Public Employment Service, Instituto de 
Emprego e Formação Profissional (IEFP), has been serving 
the public since 1979. As of December 2019, around 291,500 
unemployed people were registered at IEFP centers. The 
Portuguese national statistics institute reported the unem-
ployment rate in 2019 to be 6.5 percent. In early 2012, the 
Portuguese government recommended the use of a triage 
protocol to differentiate the allocation of benefits to the un-
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employed, coinciding with high unemployment (15.5 per-
cent) as a result of the 2008 economic crisis in Portugal. 
In the same year, 2012, IEFP implemented a risk-assess-
ment (profiling) system based on several logistic regression 
models trained on data from 2009 and 2010. Logistic re-
gression is a statistical method that, in this case, predicts 
a probability of an individual becoming long-term unem-
ployed (LTU), defined by the International Labor Organiza-
tion as a period of twelve consecutive months or more in 
search of work (ILO KILM 2016). The long-term unemployed 
are a salient segment of the unemployed population be-
cause of the compounding difficulties of finding work when 
one has remained out of work for an extended period. The 
final score calculated by the model implies the candidates’ 
risk, and they could be assigned to a low-, medium-, or 
high-risk profile according to a cutoff value set on the risk 
score. The features included in the model describe candi-
dates’ demographics (e.g., age, gender), their professional 
background (e.g., desired profession and professional status 
before unemployment), and their current situation (e.g., 
whether they are receiving welfare). The outputs of the 
model are embedded in the PES-wide information system. 
The use of the models’ outcomes is mandatory for each reg-
istration of an unemployed person, and the relevant deci-
sions are stored in a centralized database. Below, we detail 
the interactions between a counselor and the unemployed 
person and between the counselor and the PES-wide infor-
mation system that shows outputs of the model and regis-
ters the decisions as to the decision support system. 

In an unemployment center, clients are physically pre-
sent, either to register or to discuss their situation with 
the counselors as their unemployment prolongs over time. 
The clients are served on a first-come-first-served basis, 
and there are no dedicated counselors in the centers. The 
counselors have an information system’s interface on their 
screens, with information that supports their interaction 
with the client. The required data-collection fields are man-
ually populated by the counselors, who register the data 
reported by the client, their interaction, and the relevant 
takeaways from it. Upon collecting the client data, the risk-
assessment model produces a numeric risk score and cat-
egorizes the risk in one of three categories (low, medium, 
and high). The model that calculates the risk and the factors 
underlying the risk-assessment results are opaque to the 
counselors. The final decision on the prescription of inter-
ventions to help the unemployed person through is left at 
the discretion of the counselor. In practice, counselors de-
fine a personal employment plan (PEP) together with the 
candidate, specifying activities the candidate should under-
go, such as specialized or general training sessions, job in-
terviews, or other forms of active job search. At IEFP, these 
activities are referred to as interventions. The counselor is 
advised to include specific types and numbers of activities 
in the PEP in proportion to the estimated risk (a higher risk 
requires a more intensive PEP). However, the risk profile 
only sets the minimum activities the PEP must include by 
type. In practice, counselors may propose additional inter-
ventions if the plan complies with the minimum require-
ments. 

Importantly, the counselor may manually assign a can-
didate to a different risk profile, overriding the assignment 
made by the algorithm. The counselor is free to do so at 
any point during the candidate’s unemployment period. If 
the counselor wishes to change the profile attributed to the 
candidate, the counselor needs to justify the decision by se-
lecting one or more predefined categories, such as “Life cir-
cumstances,” “Access to public transport,” or “Profession-

al circumstances.” However, a meager percentage of profiles 
are changed—the mean rate of change by counselors is 2.4 
percent (min = 1.6 percent, max = 4.2 percent, std = 0.8 
percent). Observing dynamics of decision-overriding over 
time, we can observe increasing engagement in the first two 
years, with a peak in 2013 of 4.2 percent and a sharp drop to 
only 1.6 percent of decisions changed in 2019. 

The algorithm is applied only at the beginning of a new 
registration, meaning that a candidate will have the same 
risk score throughout the entire unemployed period. A can-
didate who has already been registered for eleven months 
could still have a low risk status, even though the likelihood 
of the candidate’s becoming LTU would have statistically in-
creased since the time the risk score was first calculated. 
Also, the model was not further developed, and it has re-
mained in use until the present day. This poses a challenge 
for the long-term validity of the system. Namely, all predic-
tive models become less accurate over time if they are not 
retrained when underlying data changes (Ackermann et al. 
2018), which is known as “concept drift” and indicates that 
the model features that are predictive of a target (long-term 
unemployment in this case) change over time. 

Given the context, we aimed to investigate how a risk-
assessment system has been implemented in employment 
centers of the Portuguese PES, how the counselors’ deci-
sion-making supported by algorithms takes place, and what 
the perception of the performative role of the algorithmic 
risk assessment of LTU is in their day-to-day work. 

RESEARCH METHODS 

QUALITATIVE ANALYSIS 

The first step in this project was interviewing the key stake-
holders from the IEFP, managers of the statistics and the 
department for employment, as well as two employees re-
sponsible for the design and implementation of the risk-
assessment algorithm. The interviews were semistructured 
and served to inform us about the designated role of the 
risk-assessment tool, the managerial perceptions of its use 
in practice, and its perceived effects. As part of a broader 
initiative, two of the coauthors went to visit two regional 
unemployment centers, where counselors receive regis-
trants, provide advice, and allocate benefits. The objective 
of the visits was to observe the operations and talk to the 
counselors at their workplace. With the information ac-
quired from the interviews and visits, a focus group study 
was designed by following Morgan’s (1997) guidelines. 

Only counselors with at least one client were considered. 
To capture varied perspectives, counselors participating in 
the focus group had (i) different years of experience, (ii) 
diverse average workloads, and (iii) different demographic 
characteristics. Middle managers who work in IEFP head-
quarters and supervisors in IEFP regional centers selected 
twelve counselors who all agreed to speak with us. 

We conducted two focus group sessions, each with 6 
counselors, sampled from five out of eighty-three centers in 
continental Portugal. 

The final sample had 8 female counselors (67 percent) 
and 19.3 mean years of experience (min. = 1, max. = 36, std = 
13.4). Overall, the counselors’ population consists of 1,089 
counselors, of whom 75 percent are female, with a mean age 
of 49.7 and 19.3 average years of experience. The average 
number of clients seen by a counselor per day ranges from 
1 to 43 clients for 2018. Monthly, these values range from 
21 to 918 clients. These data were provided by the IEFP’s 
statistics office. Note that we have excluded all the coun-
selors with less than one client; the remaining sample was 
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800 counselors. 
The homogeneity in segmentation (see Morgan 1997) 

was not a significant concern, as the generally observed be-
havior among the counselors is similar. 

The focus group sessions were conducted in March 2019 
by two of the coauthors. Each session lasted for about two 
hours. They were conducted in Portuguese, the native lan-
guage of the interviewer and the participants. All focus 
group conversations were audio-recorded after receiving 
the counselors’ consent (none opposed). The recordings 
were then transcribed by a Portuguese native speaker, pre-
serving the anonymity of the participants. 

The focus groups followed a prepared script, which in-
cluded two main themes. The first theme pertained to the 
usage of the system in the counselors’ day-to-day work and 
whether they trust the system and perceive it to be useful. 
The second theme was about the changes that the coun-
selors would like to see in the system. 

The results of the focus groups were analyzed through 
thematic analysis, an approach used to extract patterns of 
meaning (themes) from qualitative data (such as inter-
views) by coding extracts of the data with a set of succinct 
labels to reveal overarching themes (Braun et al. 2019). In 
this study, we employ inductive thematic analysis, where 
coding and theme development are directed by the data. As 
the codes and themes emerged, the interpretations and dis-
agreements among the authors were resolved first through 
an exercise of sense making, and then through an explo-
ration of literature and reflections about novel contribu-
tions. During this process, the candidate’s theoretical lens-
es emerged. 

Qualitative methods are not without limitations. One 
potential issue is that any attitude or belief captured in in-
terviews or focus groups is an artifact of these methods 
through social construction (Pearson and Vossler 2016) or 
strong group polarization (Isenberg 1986). To offer a better 
perspective on the counselors’ interactions with the deci-
sion support system and to be able to gather data from 
a larger sample of counselors, we also included survey 
methodology. 

THE SURVEY 

We also conducted an online survey among the counselors, 
using Qualtrics surveying software. The invitation to fill out 
the survey was sent in October 2019 by the statistics de-
partment manager via email, with a short introduction to 
the purpose of the survey and her request to help with the 
research. In total, 247 counselors from twelve IEFP centers 
across Portugal received the invitation. We received 144 at-
tempts to fill out the survey, of which 89 were unique and 
complete, a 36 percent response rate. 

We asked for the respondents’ demographics, effort ex-
pectancy regarding the use of the AMD risk assessment 
tool, its performance expectancy, and behavioral intention 
to use the tool to support decision-making if its use be-
comes optional—currently, its use is mandatory. The scales 
for the latter three questions were adopted and adjusted 
from the unified technology acceptance model (e.g., 
Venkatesh, Thong, and Xu 2016). In this article, we provide 
only the relevant descriptive statistics that show the distri-
bution of attitudes across the counselors. 

In addition, from the transactional database of the PES, 
we obtained an analysis of the number of interventions that 
the counselors allocated to the unemployed for each of the 
three risk groups in the past two years, to understand the 
link between the prescribed and the in-use practices. 

FINDINGS 

During the visit to the unemployment center and by observ-
ing the work of the counselors and talking with them, there 
was a strong indication that the time spent on considering 
the information provided by the decision support system is 
quite low. The same reasoning was echoed by the manage-
ment, as they recognized that the information is offered in 
the form of a profile and a risk score and that the focus is 
indeed on the conversation between the counselor and the 
registrant. The counselors also indicated that it is unclear 
whether the time spent to change the decision is worth-
while, while it certainly is time-consuming because of the 
interface design. 

ATTACHMENTS AND DETACHMENTS FROM DECISION-MAKING: 
ANALYSIS OF THE FOCUS GROUP SESSIONS 

As the interpretation of the codes and themes from the fo-
cus group transcripts took place, the concepts of detach-
ment from and attachment to decision-making by coun-
selors (Hennion 2017; Bader and Kaiser 2019) have been 
adopted as theoretical lenses. The principal reasons for this 
decision were that it allows the dual nature of contextual 
factors to surface, and it is closely related to the decision-
making process, the central theme of this study. In the fol-
lowing text, we first introduce the dimensions already iden-
tified in the literature and then introduce the new ones. 

THE DETACHMENT OF THE COUNSELORS FROM THE RISK-
ASSESSMENT DECISION 

Spatial and temporal separation. The algorithmic risk-as-
sessment tool is informed by the millions of observations of 
interactions between the unemployed and the PES, and the 
insights from the analysis of these interactions are mate-
rialized as an output of an algorithmic model. In this spe-
cific case, the applied machine learning approach is logis-
tic regression, and the model is an equation that, after feed-
ing the input data, results in a number that can be inter-
preted as a probability, or the risk score. While the limi-
tation of the tool is that the model is almost a decade old 
and does not update over time, the amount of historical in-
formation processed (the temporal window) to generate the 
risk score is still significantly higher than the information 
that a counselor can obtain and process in the meeting slot 
of about twenty to thirty minutes that is typically allocated 
to an unemployed person. These factors increase the tem-
poral detachment of the counselors from the decision-mak-
ing. Also, most data that are relevant to qualify as an in-
put into the risk-assessment algorithm are either reported 
by the unemployed or come from external sources (like so-
cial security services); hence they are not directly observ-
able by the employee, arguably creating a partial spatial de-
tachment from the decision-making. 

Rational and political distancing. In the case of the al-
location of interventions to the unemployed, there is a tri-
angular arrangement: the information system interface that 
imposes a standardized data collection and offers a simpli-
fied output of the algorithm as information for the coun-
selors; the unemployed, who receive the benefits; and the 
counselors. In such an arrangement, different situations 
emerge among the three actors that define how the risk as-
sessment of LTU is concluded and how interventions (ben-
efits) are allocated to the unemployed. Although the coun-
selors can override the automated categorization of risks, 
very few counselors admitted to doing so. Counselors from 
the focus groups mentioned that when the system was im-
plemented, it was common for them to alter the system 
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manually. They perceived that the system was central to or-
ganizational policies, and they felt encouraged to pay atten-
tion to it. With time, they started feeling that the system 
was no longer relevant; hence they were detaching them-
selves from the decision of risk, at least at the level of in-
teraction with the interface. It is a rational decision that 
is influenced by the counselors’ perception of the political 
importance of the risk assessment. In addition, the choice 
to almost always formally agree with the automated deci-
sion of risk of becoming LTU is somewhat consequential of 
the above-mentioned time constraint of a typical meeting. 
In twenty to thirty minutes spent with each person, coun-
selors need to establish a rapport with the candidate, enter 
their information into the database, and answer any ques-
tions the candidate might have. Counselors mentioned that 
they had no time to conduct an in-depth analysis of a can-
didate’s profile to accurately assess their LTU risk in such a 
short period of time. It was easier to simply accept the score 
and move on to other tasks they perceived as more impor-
tant. Given the short time allotted to each appointment, the 
counselors’ concern was also whether they would be more 
biased than an automatic system in their risk assessment. 

Infrastructural and procedural distancing. Although the 
counselors could override the system when thinking that 
the algorithmic risk assessment was wrong, the counselors 
mentioned that the information system’s user interface de-
motivates them from doing so. Namely, the interface re-
quires counselors to justify the change by selecting from 
a list of preselected categories. Searching through the op-
tions in the list is perceived as time-consuming, and the op-
tions provided are considered insufficiently intuitive or in-
formative. To some counselors, the tool was “another bu-
reaucratic task” to be completed in order to continue navi-
gating the software system as they served their candidates. 
It was considered as part of an inadequate work procedure, 
which further distanced the counselors from being engaged 
in risk assessment decision-making. In other words, infra-
structure introduces obstacles that employees cannot over-
come, so they distance themselves from the officially regis-
tered decision. On top of the infrastructure, the organiza-
tions may introduce burdensome, nonessential procedures 
that may detach the employees from the decision-making. 

ATTACHMENT OF THE COUNSELORS TO THE RISK-ASSESSMENT 
DECISION 

Infrastructural, procedural, and contextual proximity. For 
the same reasons that the information system design may 
lead to counselors’ detachment from the risk-assessment 
decision, it could lead to attachment to their decision-mak-
ing. To continue the argument presented above, the coun-
selors perceived changing the risk profile as inconsequen-
tial. They shared that a risk score has little impact on their 
overall work with the candidate. The established procedure 
includes only a recommendation of broad categories of in-
terventions (e.g., attending an educational or training 
course, attending a job-seeking orientation session) that do 
not necessarily address candidates’ immediate needs (e.g., 
an intervention in order to obtain a high school diploma). 
The system presents the risk score and the risk profile with-
out further explanations or the potential mitigation of the 
risk. Hence it forces the counselors to think more about the 
risk and the appropriate path to help that specific unem-
ployed person. Counselors mentioned that they follow other 
criteria to select candidates for specific interventions, such 
as the candidate’s age or education, updating the PEP as 
needed. For instance, young people, who often are catego-
rized as low risk, are more often selected as potential can-

didates for interventions such as internships. Thus some 
counselors believe that someone who is assigned a high-risk 
score does not necessarily receive more help than someone 
who is assigned a low or a moderate risk score. In other 
words, the work procedure and the requirement to produce 
a personal employment plan with the allocation of the in-
terventions force the counselors to develop stronger attach-
ment (one that implies higher commitment in time and 
thought process) to the risk assessment, to understand 
more deeply the context of the unemployed person, and of-
ten to totally ignore the risk assessment generated by the 
algorithm. 

Algorithmic opacity and distrust-invoked engagement. 
The reasons for accepting the automatic profile are unrelat-
ed to belief in the accuracy and trustworthiness of the sys-
tem’s predictions. On the contrary: when asked to estimate 
how frequently the system was correct, the participants ei-
ther converged on an estimated accuracy of around one-
third or were unable to make an estimate, explaining that 
they paid little attention to such evaluations of the system. 
Distrust is mostly related to the lack of understanding of the 
algorithmic decision, or to the algorithmic opacity. All fo-
cus group participants strongly agreed that they would be 
better able to contextualize the risk score, to interpret it, if 
they knew how it was calculated. In other words, the opacity 
of the algorithmic risk assessment contributed to the evolv-
ing distrust of the risk category felt by the counselors, as 
they could not understand why the risk was high or low, and 
which actions they could take to prevent adverse outcomes. 
Without the needed information about the algorithmic de-
cision, the counselors become more engaged in their own 
decision-making. 

Affective adhesion. While one may expect that after 
some time, discussing the very personal and challenging 
situation of being unemployed becomes routine, a natural 
human reaction is to feel empathy and become more in-
volved (attached) in the risk decision-making process. One 
counselor remarked, “I don’t look at it [the score] . . . I look 
at the person in front of me.” Affection is also reinforced by 
the value system instilled in the foundation of the PES, to 
help citizens in a time of hardship. In addition, public image 
and public opinion have a strong effect: how the public may 
perceive the efforts invested and the effects of assistance 
that counselors offer, as their work is financed from tax-
payers’ money. Such public scrutiny is something that the 
counselors experience in their daily interactions with the 
unemployed, and it generates strong emotions. All these 
factors contribute positively to human (attachment) assess-
ment of the risk and the consequential allocation of the in-
terventions. 

ATTACHMENTS’ NEGATIVE PERFORMATIVE EFFECT 

The findings from this study corroborate previous work 
(e.g., Bader and Kaiser 2019; Kellogg, Valentine, and 
Christin 2020), which suggests the unclear and often un-
balanced involvement of humans in the decision-making 
process when their involvement is expected. The need to re-
act in a short period and with the empathy-driven objective 
to help a person in front of them creates situations that re-
quire the counselors to manipulate the system. Namely, al-
though there is a legal recommendation to give more help 
to the unemployed who are at high risk of becoming long-
term unemployed, the counselors often treat the automat-
ed risk assessment as a bureaucratic task that stands in the 
way of reaching the most important functional part of the 
interaction with the unemployed—the intervention alloca-
tion. By formally accepting the classification outcomes of 
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Table 1. Descriptive statistics about the use of the algorithmic risk assessment of the long-term Table 1. Descriptive statistics about the use of the algorithmic risk assessment of the long-term 
unemployment system. unemployment system. 

Mean Min Max Std Dev 

Age 49.0 29 63 6.7 

Gender 0.79 0 (M) 1 

Effort expectancy * (E.g., the system is easy to use.) 4.8 1.5 7 1.0 

Performance expectancy * (E.g., the use of the system increases my productivity.) 3.9 1 6.4 1.3 

Intentions to use the algorithmic risk assessment if optional.* 5.5 4 7 0.8 

* 1 = strongly disagree and 7 = strongly agree. From the unified technology acceptance model (Venkatesh, Thong, and Xu 2016). 

the algorithmic risk-assessment tool even when they dis-
agree with it, the counselors miss the opportunity to con-
tribute accurate risk scores to the database. The database 
registers formal agreement and not the counselors’ opinion 
of the risk. Hence the data does not reflect the true drivers 
behind the benefits allocation that is in the personal em-
ployment plan. 

To help unemployed people, some counselors reach out 
to additional sources of data: “I use other [than risk score] 
information, such as how long they’ve been unemployed, 
their level of schooling, their area of work [ . . . ] to help 
them.” While developing a better understanding of the un-
employed individual’s situation with the additional data is 
positive, the fact that the feedback, recorded as the accept-
ed risk assessment, may be inaccurate and incomplete is a 
negative effect of counselors’ attachment to the decision-
making. 

THE PERFORMANCE-USE PARADOX: SURVEY RESULTS 

The analysis of the focus group interviews reveals the com-
plexities of the system’s use dynamics and challenges re-
garding counselors’ involvement in the decision-making 
process. As one reads through the article, the impression of 
negativity for the algorithmic risk assessment and its rep-
resentation becomes quite notable. But the survey results 
(table 1) suggest that despite the criticism, there is a strong 
sense of the need for the algorithmic risk score. 

Namely, none of the 89 respondents disagreed with this 
statement: “Assuming that I can opt to use or not use the 
risk-assessment system, I intend to use it”; the average an-
swer was between “Somewhat agree” and “Agree.” In other 
words, although the qualitative analysis suggests that the 
risk assessment is an obstacle, there is still a favorable at-
titude toward usage. Survey results reveal that counselors’ 
slightly positive attitudes toward the system’s ease of use 
are contradicted by perceptions of the system’s weak per-
formance. The performance expectancy is differently per-
ceived by male and female respondents; men held signifi-
cantly more positive views than women, and t-test analysis 
does not reject the alternative hypothesis of the mean dif-
ference (mean(Male) – mean(Female)) being higher than 0 
(p<0.001). 

The survey evidence suggests a seemingly paradoxical 
situation, where the counselors prefer using a system that 
has little value for their productivity, as observed in the sur-
vey results and during the focus groups. 

The contradictory results of the focus group study and 
the survey raised some issues. It is conceded that the survey 
results may not be representative of the reality on the 
ground. The voluntary nature of the survey meant that the 

89 respondents may have self-selected (Bethlehem 2010) 
and do not represent well the population of counselors. 
The counselors may have also avoided reporting socially 
undesirable behavior (Foddy 1993; Dodou and de Winter 
2014). For these reasons, we verified the results in postsur-
vey analysis, following up with additional intervention data 
analyses and a meeting with two PES middle managers. 

POSTSURVEY ANALYSIS 

To further explore the algorithmic risk assessment in use, 
we investigated the average number of allocated interven-
tions and their distribution over the risk segments deter-
mined by the algorithm. Effectively, there is very little dif-
ference regarding the number of interventions, except for 
the group of people with disabilities who receive, on aver-
age, up to 1.5 more interventions as a high-risk profile than 
the other two risk profiles. 

Upon completion of all the analysis, we reached out to 
two PES middle managers. The paradoxical result did not 
surprise them. Their interpretation is that despite potential 
ambiguities, the algorithmic risk assessment provides ad-
ditional information and completes the formal element of 
registering the decision-making. What matters to the coun-
selors is helping the unemployed and achieving any of the 
targets set by the management in the allocation of the in-
terventions. 

The low variation in the number and type of interven-
tions across the risk profiles was seen as a consequence of 
inaccurate records of risk, lack of interventions available to 
the counselors, adherence to different organizational tar-
gets—like allocation to a specific type of intervention—or a 
combination of factors. 

DISCUSSION 

Over the past two decades, the more than half-century-
old promise (Simonite 2015) of automated algorithmic de-
cision-making finally started materializing (Harris and Dav-
enport 2005). But, as this and other studies show, inte-
gration of algorithms in routines of frontline employees 
and their maintenance and impact measurement is any-
thing but straightforward (e.g., Bader and Kaiser 2019; Kel-
logg, Valentine, and Christin 2020; Raso 2017; Newell and 
Marabelli 2015). In developing our discussion, we consider 
the perspectives of frontline employees, organizations, and 
policymakers. 

The analysis of focus groups and interviews with key 
stakeholders suggests that the interactions between front-
line employees and algorithms are heavily influenced by 
organizational procedures, clarity of information provided 
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as an algorithmic output, and the interface over which the 
output of algorithmic decision-making is presented to the 
employees. Organizational procedures are the critical ele-
ments of the interaction, as they define the roles and re-
sponsibilities of both the human and the algorithmic agent 
in decision-making. Challenges arise when procedures are 
incomplete and when many regulations need to be consid-
ered simultaneously for service delivery (Zacka 2017). The 
Portuguese PES has a strong focus on the human side of 
their work, recommending counselors to take into consid-
eration the context of each case. At the same time, the 
measures adopted as a response to the 2008 economic cri-
sis, like the recommendation to implement risk profiling 
or targets in the distribution of some benefits, aggravate 
an already complex decision-making process. Our findings 
suggest that counselors and algorithms are jointly part of 
the decision-making process, but the emerging assemblage 
seems to not be the most effective one. The procedures 
oblige counselors both to work with the outputs of algo-
rithms, as risk profiles are mandatory, and to adhere to oth-
er priorities in distributing benefits, related to upper-man-
agement policies. In practice, counselors rarely rely upon 
algorithmic risk scores, according to the findings from the 
focus groups and the interviews, but do consider factual evi-
dence from other data about unemployed people. The front-
line employees also complain that it is hard for them to un-
derstand the basis for the algorithmic decision. Our inspec-
tion of the PES database revealed a very similar distribu-
tion of interventions over three risk bands (high, medium, 
and low risk), and the only notable difference is for cate-
gories of people with disabilities. “Sometimes we need to 
reach targets in the distribution of specific interventions” 
is among explanations offered by one of the middle man-
agers for the similarity in the distribution. Another plausi-
ble explanation may be that the counselors facing ambigu-
ous risk-score output and insufficient diversity of the avail-
able interventions for different cases fall back on the usual 
recommendations that allow them to continue work. 

Resonating with previous research (e.g., Raso 2017; Bad-
er and Kaiser 2019), the frontline employees are simultane-
ously handling challenges of decision-making based on al-
gorithms and individual context and poorly designed user 
interfaces of programs that show algorithmic outputs. Un-
like the frontline employees of Ontario Works, who use off-
the-shelves software (Raso 2017), the Portuguese PES uses 
custom-made interfaces. Yet, in both cases, the system has 
not been designed or maintained with sufficient attention 
to the ease of use and, related to that, the quality of data 
collection. It is difficult, even impossible sometimes, for the 
frontline employees to register their true actions or choic-
es regarding service delivery in the system. As a result, 
they may be entering the wrong information in the data-
base. So the ideas of efficiency, transparency, and tractabil-
ity in public administration, which are among the principal 
drivers of the implementation of decision support systems 
(Gillingham 2019b), fail foremost at the interface level. One 
way of dealing with such an issue is to include interface de-
sign as a task where experts interested in data quality will 
be included. Registration of wrong data produces short- and 
long-term negative consequences, by diminishing our abil-
ity to understand what was happening in the past, to ana-
lyze and improve policies, and to advance toward useful au-
tomation. 

A theoretical contribution of this research is what we re-
fer to as a performance-use paradox. The triangulation of 
empirics gathered from focus groups, interviews, and sur-
veys reveals a paradoxical situation. From qualitative analy-

sis, one can deduce that there is a general notion of neg-
ative experience in working with algorithmic risk assess-
ment. The use of risk profiling is mandated but effectively 
ignored in most cases. The survey results are also indicative 
of such a situation, suggesting a weak expected perfor-
mance. Rationally, one would expect that if such a system’s 
use becomes optional, it would not be used. Yet, if we con-
sider intentions to use as a proxy for real behavior (Ajzen 
1991), survey responses indicate the opposite; even if the 
system becomes optional, there is a strong preference to-
ward continued use of algorithmic risk assessment. What 
drives this paradox? 

One explanation of this situation emerged from the focus 
group study. We learned that the counselors feel the need to 
consider large volumes of data, and the risk score approxi-
mates that. But the perceived usefulness of this score is low, 
and they prefer actionable intelligence over a simplified in-
terface with a risk score and the profile category. Action-
able and informative intelligence is the one that suggests 
the paths of possible actions and connects to data sources 
that are hardly accessible to the counselors and certainly 
too much of a cognitive burden for a twenty-five-minute-
long meeting. 

The seemingly contradictory behavior may also be ex-
plained as a form of strategic choice of frontline employees. 
Algorithmic output offers a potential argument regarding 
the choices counselors make in benefits allocation to any 
future inspection. As one of the middle managers puts it, " 
. . . it is always good to have a potential backup to reason 
about your decisions." The issue that arises because of such 
reasoning is that it contradicts the purpose of the use of al-
gorithms. Deciding with discretion about what is suitable 
for an unemployed person is a difficult challenge. The in-
clusion of technology should serve to help in reducing the 
challenge’s burden and to contribute to the well-being of 
the unemployed. If technological affordances and human 
needs are improperly configured, conclusions about the ef-
fects of the algorithmic decision support systems may be 
misleading. Such implications are pertinent in the context 
of the debate of “rule vs. discretion” and valuing human 
judgment for serving individual justice (Binns 2019). The 
proponents of discretion—or human judgment—may find 
anecdotal or survey evidence of the weak performance of al-
gorithmic decision-making in this research as an argument 
that bolsters their views. Or the proponents of full automa-
tion may view the strong preference for future use of al-
gorithmic decision-making as clear support of their ideas. 
Maybe the debate should be directed toward designing dif-
ferent systems that resolve the paradox by rendering it ob-
solete. To this end, we propose potential governance sys-
tems in which citizens receive all the relevant information 
and make their choices, leaving counselors as profession-
al support for citizens when the support is requested or, 
proactively, when a citizen is likely to experience an adverse 
effect in the near future. 

In addition to the detachments previously considered, 
we argue that considerable attention needs to be paid to 
what is referred to as algorithmic brokerage (Kellogg, Valen-
tine, and Christin 2020; Henke, Levine, and McInerney 
2018), not only to interpret the outputs of algorithms but 
also to maintain the importance of generating accurate data 
and appropriate use as a strategic goal. The evidence pre-
sented in this study reinforces the views that human do-
main experts are no guarantee of adequate monitoring and 
frequently fail to manually override algorithmic decisions 
(Markus 2017). This highlights the need for algorithmic bro-
kerage. At the same time, we argue for the necessity of what 
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Kellogg, Valentine, and Christin (2020) refer to as algorith-
mic articulation, to not only understand the obstacles that 
prevent the appropriate use of the algorithmic decision-
making but also to influence the development of the effec-
tive procedures that support the optimal involvement of the 
employees in decision-making without negative performa-
tive effects of their engagement. 

The need for an effective organizational design becomes 
more pronounced if we consider a surprising finding of this 
study regarding the role given to the risk-assessment sys-
tem by the organization. The provision of risk score, togeth-
er with an organizational guide, through its use, became 
a recommender system even though such a configuration 
did not offer the capacity to become a recommender sys-
tem. Some of the frustrations from the system-in-use orig-
inate precisely at the point of mislabeling of systems. We 
may speculate that the problem is in the constrained en-
vironment of a public agency, which does not have either 
the agility or the resources to develop the system to its po-
tential although they are aware of it and are willing to de-
velop it—as suggested by the middle management during 
the interviews. Additionally, the state in which the devel-
opment of the system was frozen for almost a decade led to 
the emergence of new organizational behaviors and lower 
quality of data than what could have been collected (Cun-
ha and Carugati 2018). The latter may be a form of penaliz-
ing future insights, which is, in most cases, avoidable. The 
importance of understanding these outcomes becomes ob-
vious when we consider the profile of an organization—one 
that works to improve social welfare. 

At the policymaking level, there seem to be strong incen-
tives for public administration to move toward the heavy 
use of algorithms and large volumes of data to inform deci-
sions (Gillingham 2019a; Wilcock 2016; Williamson 2014). 
The example provided by Raso (2017) demonstrates the ea-
gerness of the governments to experiment and even cir-
cumvent some bureaucratic obstacles in order to implement 
algorithmic decision-making. What this and other studies 
show is that the elevated expectations from the algorithmic 
decision-making in practice are at best partially met. At the 
street level, the output of algorithms is often opaque, and 
instead of simplifying or enhancing decision-making, algo-
rithms add to the complexity of the process. While in some 
of the studies, algorithms have been systematically over-
ruled (e.g., Lebovitz, Levina, and Lifshitz-Assaf 2019) be-
cause of opacity, this study points to a larger issue that is 
relevant for the quality of the data collected. Frontline em-
ployees facing opaque decisions generated by algorithms 
may decide to: (i) ignore them but still register (often inac-
curate) algorithmic output, as in this study; (ii) manipulate 
the output and save the manipulated (and often inaccurate) 
outcome (e.g., Raso 2017); (iii) overrule the algorithms, and 
register their decisions accordingly. Of the three, the last is 
the most appropriate option that should be considered as 
the design principle of the decision support systems in pub-
lic administration. 

Considering future research informed by this study, there 
are several interesting questions. A broad topic of artificial-
intelligence-era public management is still in the early 
stage of development, and many questions remain open. In 
line with our argument, algorithmic decision-making serves 
to support humans in the human-in-the-loop type of de-
cision support systems. Given that opacity is a significant 
concern, as evidenced in this and other studies, it may be 
useful to understand the type and extent of information 
needed to empower human attachment and responsibility 
for decision-making. A challenge in this line of research is 

to disentangle the best possible algorithmic decision from 
the best practical decision for a client, a counselor, or the 
public agency. Also, given that the function of the coun-
selors who work with the decision support systems has 
changed to include outputs of algorithms as part of the de-
cision-making process, it may be useful to explore how dif-
ferent levels of employees’ literacy about algorithms and 
different configurations of organizational factors influence 
the perceptions of the role of algorithms in decision-mak-
ing, as well as the level of information needed to unlock the 
optimal assemblage of humans and algorithms. At the or-
ganizational level, the questions about what constitutes ac-
tionable intelligence as output from the data-driven deci-
sion support systems may be of interest when considering 
counselors and citizens/beneficiaries. On a public policy 
level, pertinent research questions are also related to the 
mitigation of fairness issues in the allocation of benefits in 
systems with different allocations of functions between hu-
mans and machines. 

CONCLUSIONS 

In this article, we present a study of a hybrid, human-com-
puter decision-making system within the context of a public 
employment service. This research raises the pressing need 
to carefully rethink how the shift from new public manage-
ment toward digital-era governance (Dunleavy et al. 2005) 
or, alternatively, artificial-intelligence-era governance is 
taking place. It reinforces the notion that algorithmic deci-
sion-making in use should be considered more broadly than 
just a function allocation problem between humans and 
computers, as elaborated by Dodou and de Winter (2014). 
Rather, algorithmic decision-making should be seen as a 
fundamental change in how we design processes, configure 
the interactions with technology, measure the impact, and 
especially in the public policy settings, a change in the 
agility to make changes and adjustments as technology 
evolves. The assemblage of human and machine agency 
needs to be achieved in a way that does not erode discretion 
(Beer 2017) or that serves as an administrative backing to 
decisions. In other words, it should neither promote algo-
cracy (Danaher 2016) nor be mere bureaucratic decoration. 
The assemblage should reinforce the purpose of the pub-
lic administration and improve its legitimacy with respect 
to the properties and outcomes of its procedures (Danaher 
2016)–to deliver the appropriate assistance to each citizen 
who requests it, in a human way, fair, and at scale. 

As we conducted this study, we became more aware that 
although fairness and biases of algorithms are common in 
public discourse and academic literature (e.g., Zerilli et al. 
2019; Lepri et al. 2018), in practice we lack systematic ac-
tion that deals with such issues in decision-making regard-
less of the level of reliance on algorithms or humans. Such 
action may be easier in fully automated systems, but delib-
erate efforts to analyze and discuss the registered benefits 
with respect to potential systematic disparities between so-
cial groups that have different underlying (dis)advantages 
seem like a good step forward. 
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