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Summary 
In light of the rapid developments on applications of algorithmic instruments in various fields, the Dutch 

Child Welfare Service, or Raad voor de Kinderbescherming (RvdK), initiated an experiment in collaboration 

with the Dutch national forensic institute (NFI). They aimed to develop an algorithmic instrument able to 

detect the presence of child sexual abuse within reports written by RvdK investigators during cases 

conducted by these investigators. This experiment falls in line with similar international trends of applying 

algorithmic methods to tackle the assessment of risk, most often recidivism risk of delinquents in the 

criminal justice chain.  

The RvdK has extensive experience with such risk assessment instruments, using an actuarial instrument to 

assess recidivism risk amongst young delinquents. While this actuarial model assesses risk by measuring 

dynamic risk factors that relate to a young delinquent’s criminal behavior, new algorithmic tools presume 

that risk can be measured through the analysis and recognition of patterns present in large amounts of 

data. This shift in approach to measuring risk is referred to by some as a shift in epistemological episteme, 

where traditional instruments adhere to the episteme of the pathelogical self, whereas algorithmic 

instruments adhere to the episteme of the algorithmic self.  

In part due to the legal framework in which the RvdK operates, current and prospective risk assessment 

tools serve an advising role to human investigator in the assessment of risk. This implies the use of an 

assessment by an instrument to base a final assessment of risk on resembles trust in testimony. For an 

investigator to use such an external assessment to base their own epistemic state upon requires this user 

to trust the assessment, similar to how a judge would need to trust the testimony of a witness to base their 

ruling decision on. This makes trust an important enabler in effective use of risk assessment tools within 

child welfare services. To research this trust relation between a user and a risk assessment instrument, the 

following research question was posed: 

What factors influence the trust of users in algorithmic risk assessment tools in the context of child 

welfare services? 

This research aims to answer this research question by investigating the established theory on trust in 

automation technology and its applicability and transferrability to trust in algorithmic risk assessment tools 

in the context of child welfare services. To this goal, this research takes a qualitative approach. As there is 

little established theory on trust in algorithmic risk assessment instruments, nor on trust in automatino in 

the context of child welfare services, this research is explorative of nature. A grounded theory 

methodological approach is taken to identify specific areas of interest for the specific goal of this research 

and develop theory from the qualitative data collected during this research.  

A total of 12 RvdK investigators were interviewed. During these interviews, three risk assessment 

instruments were discussed to gather data relating to the trust relation of investigators with such 
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instruments. The first tool is PreSelect, an automated assessment of recidivism risk conducted by the police 

based on static factors, such as severity of crime. The second tool is the LIJ, a set of instruments, here 

referring to a lengthy assessment of recidivism risk conducted by the RvdK based on dynamic factors such 

as an offender’s social environment. Finally, there is the Living Labs instrument, an algorithmic tool 

developed to assess the risk of sexual abuse in RvdK investigations. 

To investigate the applicability and transferrability of established theory on trust to specific area of interest 

of this research, an extensive discussion of theory on trust is conducted. Theory on trust has its origins in 

interpersonal trust. Trust is characterized by three ingredients, namely uncertainty, vulnerability and 

agency. A definition of trust in accordance with these ingredients is by Lee & See (2004), who state trust is 

“… the attitude that an agent will help achieve an individual’s goals in a situation characterized by 

uncertainty and vulnerability.” 

An oft-cited framework on trust in automation technology on which this research leans is that of Lee & See 

(2004). This framework argues that trust is established through three cognitive processes through which 

information on an automation and its environment is assimilated resulting in a trust stance. The three 

cognitive processes are the affective, the analogical and the analytical processes of trust. A second 

framework on trust in automation technology by Hoff & Bashir (2015) builds upon this work, identifying 

empirical factors influencing trust. In discussing this theory, this research identifies 4 areas of specific 

relevance to trust in risk assessment in the context of child welfare services. These represent areas of 

influence on the applicability and transferability of trust theory, gaps in theory or indications that the 

dynamics of trust differ from the established knowledge.  

The first relates to the effect of opacity of instruments on trust, and more specifically on a user’s ability to 

assess a systems technical competence through the building of mental models of its process. Even though 

opacity is often mentioned as a singular phenomenon, it can stem from various sources: intentional secrecy, 

technical illiteracy and high-dimensionality. This research argues that different sources of opacity do not 

affect the dynamics of trust in a similar manner. What this research finds is that the effect of a single source 

of opacity can affect the dynamics of trust differently depending on the context in which it is embedded. 

Furthermore, contrarily to expectation, opacity does not unequivocally block a user from assessing its 

technical competence, as a large degree of system interaction can allow a user to relate model input to its 

output and in doing so build a mental model of its process, provided this process is simple enough. 

Trust theory further indicated that in situations where a user is unable to assess the technical competence 

of a system themselves, they can veer to proxies for trust to base their stance on. Such proxies can for 

instance take the form of testimony of domain experts. What this research finds is that, while trust in 

opaque instruments like the Living Labs tool can be facilitated through trust proxies, this effect is not 

universal. The extent to which trust can be facilitated through proxies varies per person and depends on 

the extent to which the individual ascribes value to the specific trust proxy. This research also found 



 

iv 
 

indications that the adherance of an instrument to a specific epistemological paradigm for its method of 

analysis could serve as a proxy for trust. In the case of the LIJ, following a similar method of calculating risk 

to that of the cognitive process of human investigators facilitated trust, as users recognized the value in 

said method of calculation. 

The operational context of assessing recidivism risk or risk of sexual abuse also complicates a user’s 

methods for assessing system technical competence. A score of risk on a continuous scale is inherently 

unverifiable due to actual occurrence of the event being binary, either a delinquent relapses or they don’t. 

As this occurrence is also at an unspecified time in the future, a user is unable to compare system output 

to reality. In the absence of formalized feedback loops for assessing performance of a system, users 

experienced in the field compare the output of the instrument to their own cognitive assessment of risk. 

This implication is problematic for risk assessment instruments such as the Living Labs instrument 

specifically developed to tackle an area wherein humans are demonstrably unable to accurately assess risk.  

Finally, as an integral part of the framework of trust in automation, affective stances are likely an important 

informer of trust in new risk assessment instruments. This research was not able to find unequivocal 

relation between affective stances and the current use of risk assessment tools within child welfare services 

and as such unable to derive insights for prospective instruments. Affective stances proved a difficult unit 

for analysis as it was largely present only in subtext of the data. Negative stances towards the possible 

accuracy of a risk assessment instrument for the assessment of sexual abuse, as the Living Labs instrument, 

were found. These stances were explained by participants as stemming from the complexity of the problem 

and possible presence of a multitude of problems in such investigation, along with the differing position of 

the investigations in such cases compared to cases in the criminal justice chain.    
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1 Introduction  
Algorithms are everywhere. We are affected by countless algorithms every single day, whether through 

online interaction on social media platforms or by following the instructions of a car navigation system, by 

buying groceries at our local supermarket or applying for a mortgage to buy an apartment. Algorithms have 

grown increasingly sophisticated and prevalent but are generally invisible to the public (Rainie & Anderson, 

2017). While generally not deploying new techniques, algorithms have become increasingly pervasive due 

to the exponential increase in computing power and explosive growth in available data over the past 

decades (Rainie & Anderson, 2017).  

These developments have led to a surge in experimentation and adoption of algorithms across a wide 

variety of domains. While many algorithms are nestled within fully automated processes and are never 

explicitly shown to their users, other implementations are meant to augment human decision-making 

processes. An interesting example can be found in the healthcare sector, where complex image recognition 

algorithms are used to identify cancer cells visible in MRI scan images (Jorritsma, Cnossen, & Van Ooijen, 

2014). But this is just one of countless possibilities in which algorithms can assist human decision-makers. 

Public institutions are also starting to realize that their policy- and decision-making processes can be 

augmented by the use of data analytics and algorithms (Leenes, 2016). The government assimilates large 

amounts of data; on individual citizens, corporations and anything in between (Leenes, 2016). By harvesting 

this data, public institutions could increase their efficiency and effectiveness in policy- and decision-making. 

Some institutions already put their data to use, like the national police force and tax services. By using data 

to predict where crime is likely to take place, or even who is likely to partake in criminal activity, the police 

force can be dispatched more efficiently to prevent crime (Broeders, et al., 2017). The tax services, in turn, 

use a vast amount of data on citizens to build a risk profile of an individual to steer their limited resources 

to more effectively target potential tax fraud (Chen, Chiang, & Storey, 2012).  

The Dutch Ministry for Justice and Safety (MinJenV) also realizes the potential the use of data analytics can 

have to increase its organizational efficiency and effectiveness. In its data.minjenv.nl report (Barnhoorn, et 

al., 2018) it lays out its vision for the future use of data and data-driven policy- and decision-making and 

proposes several use cases for data use among its departments. The Ministry concludes that it shouldn’t 

be asking the question if the Ministry should use data in its operations, but rather how it can use data it 

has at its disposal and how it can use it effectively. Especially Artificial Intelligence, Machine Learning and 

Algorithms are identified as promising new technologies that could empower a ‘smarter’ way of working 

(Barnhoorn, et al., 2018). 

To promote experimentation with, and the development of, these new technologies within MinJenV, the 

Ministry conducted various data-related experiments and proofs of concept (POC’s) under the umbrella of 
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Living Labs (Barnhoorn, et al., 2018). Started in 2016, Living Labs is MinJenV’s testing grounds for projects 

that deliver new insights into the potential use of data analytics, privacy related issues that may arise and 

ways to source data from multiple channels (Barnhoorn, et al., 2018). The aim of this initiative is not solely 

to gain experience in working with these new technologies and build up expertise within its various 

departments, but also potentially to implement successful projects within the organization and transform 

existing ways of working. 

The Raad voor de Kinderbescherming (RvdK), the Dutch authority on child protection, also participated in 

the initiative. The RvdK was especially interested in experimenting with using analytics methods that would 

be able to extract value from the large stockpile of unstructured data available, such as text reports of 

investigations. To this end, the RvdK collaborated with the Nederlands Forensisch Instituut (NFI), the Dutch 

Forensic Institute, to build an algorithmic risk assessment tool that would be based on textual data, such 

as written reports to assess the risk of sexual abuse. Similar to previous, although simpler, experiments 

within child welfare services in the United States, such an algorithm would score a certain case on the 

likelihood of presence of sexual abuse to empower social service workers to make better decisions in their 

investigations  (Fitch, 2008). 

The RvdK has extensive experience in the use of risk assessment tools to support their decision makers. In 

the domain of criminal investigations of juveniles, the RvdK, along with the police and youth probation 

officers, uses a risk assessment tool to assess recidivism risk. This assessment will in part determine the 

sentencing or pedagogic treatment or intervention in the life of the young delinquent. The risk assessment 

tool used in criminal investigations, however, is an actuarial risk model, being based on identified risk 

factors stemming from research in criminology and pedagogy (Spanjaard & Van der Put, 2012). The 

algorithmic risk assessment tool built by the NFI does not follow such identified insights on risk factors from 

research, instead following the belief that complex phenomena can be modelled using the computational 

precision of modern methods stemming from computer science and vast amounts of data (Mehozay & 

Fisher, 2018). 

1.1 Problem statement 
The environment of child welfare services varies considerably from fields wherein algorithms have been 

proven to thrive, potentially having implications on how algorithmic risk assessment tools could be 

implemented. Most importantly, the RvdK is subject to the legal framework for such technologies. The oft-

discussed General Data Protection Regulation (GDPR) includes an article restricting the use of automated 

individual decision-making processes (Goodman & Flaxman, 2016). It states that a data subject should have 

the right not to be subjected to a decision based solely on automated processing which produces legal 

effects or similarly significantly affects the subject (Goodman & Flaxman, 2016). In practice, this would 

prohibit the use of algorithms to make decisions with legal consequences for its subject without the explicit 

intervention of a human decision-maker. 
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While the GDPR does allow for certain exceptions to be made for reasons mostly related to (national) 

security, creating a legal basis for e.g. profiling by intelligence services, other organizations within the 

judiciary chain should focus their efforts on implementations of algorithms in an assisting role. The 

interaction, or the relation between such an algorithmic tool and the social services worker, therefore, 

poses an interesting and important focus of research. For an algorithmic risk assessment tool to be able to 

add value to the work of a social service worker, then, would be to provide information that would add to 

their epistemic state and as such would empower them to make better informed decisions.  

Such intangible, voluntary use of the assessment resulting from an algorithmic tool, however, would 

demand that the user of such a tool would have trust in its assessment. If one does not trust an assessment 

or an account of something from a third party, whether that be a person or an artificial agent, they would 

not use that information in their decision-making process and therefore would not add to their epistemic 

state. Especially in situations where there are alternative sources of information available or where an 

individual is not otherwise forced to use an assessment as their source of knowledge, trust is a necessary 

condition for potential effective usage of an algorithmic risk assessment tool within social services. 

Developing trust in any kind of artificial agent is an inherently complex process, depending on a multitude 

of factors, related to the artificial agent, the individual and the environment wherein the interaction takes 

place (Arkes, Dawes, & Christensen, 1986; Lee & See, 2004; Jorritsma, Cnossen, & Van Ooijen, 2014). But 

as the relentless march in the developments and applications of such complex, intelligent agents will likely 

continue (Kurzweil, 2005), the time to consider the implications these developments will have and how 

effective use of algorithmic risk assessment tools can be facilitated is now.  

1.2 Research objective 
This naturally poses the question of how to facilitate a trust relation between the social service worker and 

an algorithmic risk assessment tool. This research will aim to investigate the human-algorithm relation to 

unearth factors that influence trust of the individual in the risk assessment tool and its assessment and the 

resulting use of the assessment to come to a new epistemic state, facilitating decision making. Central to 

this research, therefore, will be the following research question: 

What factors influence the trust of users in algorithmic risk assessment tools in the context of child 

welfare services? 

By answering this research question, this research will add to the rapidly growing body of literature on the 

use of risk assessment tools within the public sector and the specific use of algorithmic risk assessment 

tools. This will be done by taking a relatively underserved perspective of the user and investigating the 

trust relation between the user and the risk assessment tool. Current academic research on the use of 

algorithmic models mainly concerns itself with either the ethical issues of algorithmic accountability or 

transparency or the technological developments in computer science improving layman understanding of 



 

4 
 

these tools. Research on trust in risk assessment tools in general, and especially algorithmic risk assessment 

tools is scarce. This research will offer a unique perspective on the developments and application of 

complex algorithmic models within the public sector by investigating the user-algorithm trust relationship 

and how contextual factors within social services affect this relation.  

1.3 Thesis outline 
To be able to answer the research question, this thesis will be structured as follows. Chapter 2 will discuss 

how risk assessment historically has been used within the (youth) criminal justice system, as this aligns with 

current usage of such tools within child welfare services in the Netherlands. In discussing this history of risk 

assessment usage, both historic- and future developments of these tools and the underlying 

epistemological beliefs will be discussed to inform both the context and relevance of this research. 

Subsequent sections of this chapter will focus on the current usage of risk assessment tools within Dutch 

child welfare services specifically, as well as go more in-depth into the Living Labs experiment of the RvdK 

in conjunction with the NFI which spurred this research. 

Having laid out the context and some historical background of this research, Chapter 3 will discuss 

epistemology of trust. More specifically, Chapter 3 will discuss the definition of trust, in both human 

relations where trust theory originated, as well as trust in automation technology. In discussing theory of 

trust in automation technology, Chapter 3 will introduce two theoretical frameworks, one of processes of 

trust in automation technology - setting out how a level of trust is established through cognitive processing 

of information relating to the automation, and one of empirical factors influencing trust in automation 

technology. Taken together, these frameworks serve as theoretical lens through which the qualitative data 

drafted during this research is analyzed.  

As risk assessment tools are a very specific subset of automation technology with characteristics differing 

from general automation technologies, a subsequent section in Chapter 3 will discuss technology-specific 

characteristics of (algorithmic) risk assessment tools that might affect the dynamics of the trust relation of 

a user with this technology. By identifying these technology-specific differences and following the 

established reasoning in literature on trust relations, the potential impact of these differences on the trust 

relation will be hypothesized, putting forth the basis from which grounded theory will be built in the 

following chapters.  

Chapter 4 will both present and discuss the chosen methodological approach of this research, along with 

the followed philosophical paradigm. The research question set out in the previous section will be 

discussed in-depth, followed by the drafting of a set of interview topics that will guide the data collection 

through qualitative interviews. These distinct topics are used to draft an interview procedure, wherein they 

can be explicitly retrieved and serve as a way to structure the analysis of the data and presentation of the 
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results further on in Chapter 5. In this same chapter, the method of participant selection and data 

processing will be discussed, along with factors possibly of influence on the validity of this research.  

The following chapter will present the results of this research, not before first discussing the process of 

data collection through conducting qualitative interviews and the subsequent process of data analysis and 

the derivation of insights through this process. This chapter consists of subsections of topics, representing 

distinct parts of theory and the theoretical frameworks of Chapter 3, certain topics identified in Chapter 4, 

or distinct topics of results that arose only during the structured analysis of the qualitative data. Following 

the discussion of the results in these distinct sections naturally is the conclusion and answering the research 

question set out in Section 1.2. Rounding up this thesis is Chapter 6, wherein a discussion on and evaluation 

of this research’s conclusions will be presented. The implications of the results will be discussed, along this 

research limitations. 

  



 

6 
 

 

 

 

 

 

BLACK BOX SOCIETY: A  SOCIETY HARMED BY A WHOLE NEW KIND OF SECRECY 

THAT OBSCURES THE AUTOMATED JUDGEMENTS THAT AFFECT OUR LIVES.  

FRANK PASQUALE  

 

  



 

7 
 

2 Background 
As noted in the introduction, we encounter countless algorithms every day, whether it be through direct 

interaction or having an impact on our lives through indirect interaction. But before diving into the 

contextual background of this research, the concepts of algorithms and more specifically risk assessment 

tools will be elaborated upon to somewhat reduce the ambiguity surrounding these concepts. A short 

account of the history of risk assessment tool usage within the criminal justice system will be given, both 

to argue for the relevance of this research and discuss how the forces that spurred developments in this 

area will become more influential in shaping the relation between users and tools. Finally, both the RvdK 

as an organization will be discussed, along with their current and prospective usage of risk assessment tools 

in the criminal and civil domains. 

2.1 Algorithms 
Over the past decade, media coverage on algorithms has exploded, from academia to popular science to 

seemingly every news outlet in the world. Yet, algorithms are nothing new. Their usage even dates back as 

far as the Greek age. In essence, an algorithm is simply a set of unambiguous instructions to follow in order 

to solve a problem. Such sets of instructions are also present in the completely analogue world, for instance 

in the form of decision trees that help in the diagnosis of common illnesses.  

The term has gotten into fashion in recent years after the astronomical rise of internet and technology 

firms who were able to effectively monetize this technology at an incredible scale. Algorithms in this 

context refer to computerized decision-making based on enormous amounts of data, often leaving these 

decision-making processes obscure to any non-expert in the field. Technologies like Machine Learning and 

Deep Learning have appeared at the top of inflated expectations on Gartner’s Hype Cycle for four 

consecutive years (Kotecki, 2018), indicating persisting interest in and continuous exploration of these 

technologies.  

Machine learning algorithms are a specific class of algorithms that have become increasingly ubiquitous 

due to the increase in availability and size of data. Such algorithms find their origin in computer sciences 

and deploy a specified type of algorithm that adjusts its internal parameters, or rather; weights, by feeding 

it swaths of data with the goal of minimizing a specified error function that represents the deviation of the 

algorithmic prediction and the dependent variable as recorded in the data. What this process allows is the 

incorporation of near unlimited number of independent variables and observations into one 

comprehensive algorithmic model.  

It is this scale that allows machine learning models to overcome shortcomings of traditional actuarial 

approaches in modelling. Actuarial modelling is a simpler approach to modelling, where the relation 

between a dependent and independent variable is represented by a coefficient, the model resulting in a 

mathematical formula. Actuarial models require more thorough knowledge of the relation between a 
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dependent and independent variable by the modeler, whereas machine learning models require minimal 

human effort in that they work in iterations to find these relations within the data and are independent of 

assumption. Due to this unnecessity of assumptions and understanding of underlying relations between 

dependent and independent variables in data, machine learning opens up a breadth of new possibilities 

for the modelling of complex problems that would require considerably more effort or prove effectively 

impossible with statistical modelling.  

2.2 Risk assessment 
A slow transition away from actuarial models towards algorithmic models can also be seen in the use of 

risk assessment. Risk assessment within the criminal justice system can be traced as far back as the 1920’s, 

where the principles underlying risk assessment were used to predict crime in order to determine the 

gravity of sentencing (Kehl, Guo, & Kessler, 2017). For nearly a century risk assessment has affected the 

treatment and sentencing of offenders, but actuarial and algorithmic modelling are not the only profound 

developments within the criminal justice system to influence this treatment of offenders. In order to 

understand the developments in risk assessment within the criminal justice system, the prevailing beliefs 

on offenders and criminal behavior need to be understood. 

2.2.1 Modern criminology 
Mehozay & Fisher (2018) propose that there has been a shift in episteme on criminal behavior playing out 

over decades, resulting in the way offenders are treated by the criminal justice system and how their 

sentencing reflects the way they are perceived in being a risk to society. They draw a distinction between 

the rational self and the pathological self. Modern criminology was a result of the Enlightenment period 

and subsequent rationalization of behavior, which first resulted in the episteme of the rational self, before 

more recently being replaced by the pathological self as the guiding principle within modern criminology 

during the 20th century. During the Enlightenment, rationalization of society and social control resulted in 

the rationalization of criminal behavior. Criminal acts were being perceived as being a result of strictly 

rational considerations by the perpetrator, with the perpetrator being capable of logical reasoning, hence 

the term rational self. Perpetrators therefore were seen as able to understand the consequences of their 

actions(Mehozay & Fisher, 2018).  

The followers of this classical school of criminology, the idea of certainty of punishment was more 

important than the severity of punishment, as punishment was seen largely as a deterrent rather than a 

tool for revenge (Mehozay & Fisher, 2018). By the end of the 20th century, consensus surrounding the 

rationality of criminal action began to change, as scientific positivism made its entry into criminology 

(Garland, 1985). Positivists challenged the idea that human beings are purely rational and contrastingly 

propose the view of the pathological self. This episteme rejects the idea that logical reasoning is a sufficient 

explanator to understand human behavior. Rather, it proposes that any human is subject to both internal 

and external forces. These forces, being biological, physiological, psychological or social, are complex and 
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knowledge of them is incomplete, therefore suggesting that human behavior can be fully explained by 

reason or consciousness is impossible.  

This stood in direct contrast with the prevailing episteme, the founders of the positivist school in 

criminology even feeling it was their objective to eliminate the “free will metaphysics” of the classical 

school (Jock, Taylor, & Walton, 1973). For the positivists, understanding a person and its behavior is a 

matter of assigning it abstract categories, such as ethnic background, level of intelligence, being masculine, 

social environment etc. A person, then, can be described by a combination of such categories and the 

connection of these categories with delinquent behavior can be studied to inform on the predisposition to 

criminal behavior of this person.  

2.2.2 Actuarial risk assessment 
The principles held by those of the positivist school stood at the base for the development of risk factor 

prevention models, introduced as a result of the push towards a more efficient and effective criminal 

justice system (Hannah-Moffat, 2016). Coined the managerial movement, the insistence on explaining 

crime, as was the case with the positivist school, was rejected in favor of managing crime. The belief was 

that, as crime occurs regardless, explanation of it is of less valuable than its management (Garland, 2001). 

In order to manage and reduce cost of the criminal justice system, the system pivoted towards evidence-

based approaches of penalization and selective sentencing. One important development resulting from 

this pivot were the developments in risk assessment, integrating knowledge of sociological and 

psychological factors as a means to assess risk of criminal behavior (Hannah-Moffat, 2016). 

The focus on quantified risk represented a shift away from transformative penology that focused on the 

changeability of human behavior through intervention towards managing people according to the risk they 

represented (Feeley & Simon, 1992). While the factors included in actuarial risk models stem from the 

episteme of the pathological self, with models weighing individual risk factors such as history of substance 

abuse according to their causal relation to criminal behavior and the correlation with recidivism, the 

application of such models differ ideologically from those envisioned by positivists, as these are used to 

manage crime rather than uncover the causes of crime.  

Actuarial models that included static risk factors were able to tackle criticism of earlier risk assessment 

methods that were largely based on clinical judgement by psychologists, correctional officers or clinical 

professionals (Kehl, Guo, & Kessler, 2017). Such assessments were seen as being too subjective and as a 

result unreliable. But as over time actuarial models started to incorporate dynamic factors, like current 

alcohol abuse as opposed to history of alcohol abuse, actuarial risk models started to be the subject of the 

same criticism they once meant to circumvent, being too subjective or subject to interpretation. It is this 

criticism that has spurred research into more accurate, objective metrics to measure risk to base actuarial 
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models upon. But it is this same criticism that has launched research into a whole new class of risk 

assessment tools, namely those employing big data techniques. 

2.2.3 Algorithmic risk assessment 
Research into algorithmic risk assessment tools is being conducted both at universities and other research 

institutes as well as commercial firms, with criminal justice researchers and data scientists collaborating to 

develop complex models able to predict an individual’s propensity to offend (Mehozay & Fisher, 2018). 

This development is in line with a belief growing more profound, the belief that analyses of increasing 

amounts of data relating to a subject will generate a more complete, thorough and objective 

representation of that subject than would traditional assessments. Even though actuarial models of 

criminal risk assessment are based on historical data of perpetrators, it is the type of data being used that 

represents perhaps the most significant departure from the established paradigm.  

Mehozay & Fisher (2018) argue that algorithmic risk assessment is not only a methodological and technical 

break from the actuarial assessment tools, but also represents an epistemic break from the pathological 

self that is at the center of actuarial risk assessment. Algorithmic risk analysis draws data from various 

sources or databases, paying no mind to their relation to social science disciplines (Hannah-Moffat, 2016). 

And as the data no longer has a relation to social sciences, algorithmic risk assessment is not based on the 

episteme of the pathological self, marking the entry of an entirely new episteme in modern criminology: 

the algorithmic self. 

The episteme of the algorithmic self and algorithmic risk assessment  is based on the belief that through 

analyses of vast amounts of data, combined with computational precision inherent to the advanced 

techniques employed, human behavior can be predicted better than through analysis based on scientific 

knowledge and theoretical models (Cukier & Mayer-Schoenerger, 2013). Mehozay & Fisher (2018) 

summarize the main differences with actuarial risk assessment and its linked episteme in four points. 

Firstly, algorithmic risk assessment is only meant to predict future behavior and has no interest in adding 

to theory on causation of crime. Algorithms may uncover correlation between certain factors and 

recidivism but will not be able to explain said relation. 

Secondly, the lack of theoretical basing for models means that variables are not determined beforehand, 

instead any possibly relevant variable is collected and added to the model if it appears to be a valuable 

addition. The third difference, relating to both previous differences, validation of algorithmic models differs 

significantly from that of actuarial models. As there is no relation to theory, there are no hypothesis to be 

tested and validation is fully dependent on the performance of a model on a set target. Lastly, and perhaps 

the most controversial difference is the opacity of decision-making by algorithmic models. Pasquale (2015) 

coined the term Black Box Society, referring to the risk to society of the decisions of complex, impenetrable 

systems on individuals unable to challenge the exact logic behind these decisions.   
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While the use of actuarial risk assessment models by the managerial movement in criminology ideologically 

differed from the envisioned use by positivists, there was commonality to be found in the beliefs of the 

relevance of a certain viewpoint of the delinquent, namely the viewpoint in terms of pathological factors. 

The episteme of the algorithmic self completely gets rid of this commonality between those wanting to 

manage the occurrence of crime and those wanting to transform the behavior of the individuals committing 

those crimes. It puts the focus on what is happening instead of why it is happening and prioritizes 

effectiveness above all else.  

This transformation, while imaginably holding considerable value for the criminal justice system if proven 

effective, raises some questions for those organizations operating in accordance with the positivist 

philosophy. The potential use of algorithmic risk assessment tools asks them to use or believe in the value 

of tools that operate based on assumptions or beliefs entirely not held by themselves. While effectiveness 

of risk assessment tools as viewed in isolation, representing its objective performance metrics, is surely 

important, but as already pointed out in the introduction, human actors will likely play an important if not 

critical part in the effective application of new risk assessment tools. It is this shift in episteme that carries 

serious implications for potential trust relations between a user and such a system,  where understanding 

is obstructed, and users potentially fail to see value in its use.  

As such, there is reason to believe that simply replacing actuarial risk assessment tools with algorithmic 

ones might not result in better risk assessment in practice. It poses to be transformative to the relation 

between systems and their users and, as will be argued further in Chapter 3, will not only impact the 

established trust users hold in tools that assist them in their work and the assessment of risk but potentially 

alter the dynamics through which trust is established and evolves through usage. To make this argument, 

the next section will discuss both the organizational context of this research and introduce the two 

different risk assessment tools at the core of this research, representing the different epistemes and the 

imminent transition in criminology. 

2.3 Raad voor de Kinderbescherming 
The Raad voor de Kinderbescherming (RvdK) operates as an independent organization within the Ministry 

of Justice and Safety and is tasked with the protection of rights and general development of children. Along 

with the responsibilities and operating environment of the RvdK, its use of risk assessment tools, both 

current and prospective, will be elaborated upon. 

2.3.1 Organizational context 
The Duties of the RvdK are, as mentioned, concerned with the protection of the rights of the child and 

securing a safe environment for the child to develop. These rights are derived from the United Nations 

Convention on the Rights of the Child and include among others: the right to security of the person, the 

right to special protection during childhood and the right to education (UNICEF, 1989).   Whenever there is 
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just reason to believe there to be risks concerning the basic safety of the child, or risks within the child’s 

direct environment that puts at risk the ability for the child to develop, the RvdK can get involved in the 

form of an investigation, making a recommendation to the engaged authorities or arguing for and 

executing an intervention. Illustrative examples where the RvdK typically gets involved in are cases of 

physical abuse or neglect, but also school absenteeism and delinquent behavior.  

As varied as the issues are that the RvdK occupies itself with, as are the methods of investigation the RvdK 

employs to address the concerns surrounding the development or the safety of the child and the ways 

through which the involvement of the RvdK is started. Generally, the involvement of the RvdK covers two 

domains, the civil domain and the criminal domain. Work within the civil domain covers cases wherein 

there is just concern that the environment of the child contains risks towards the general safety and 

wellbeing of the child or relating to the child’s ability for a safe development towards independence and 

adulthood. In such cases, which imaginably can cover a wide array of issues, professionals within the child’s 

formal or informal network of care can signal their concerns to local social services, which can decide to 

refer pressing or persisting cases to the RvdK. These signals can originate from, for instance, school 

teachers, general practitioners, sports teachers or those within a family’s social circle.  

In such cases, it is the RvdK’s task to conduct an independent investigation into the risk factors and 

mitigating factors in the development of the child, and if necessary, recommend an intervention in the 

environment of the child, such as a supervision order. It is important to note that due to the lengthy path 

towards official RvdK involvement in a case pertaining a certain child, only the most pressing cases, or those 

in which other social services persistently are unable to resolve present concerns will be treated by the 

RvdK. As the field of social services in which the RvdK operates is rather complex, with various organizations 

active on a local, regional or national level, there is not one standard process through which involvement 

of the RvdK is invoked.  

Contrastingly, there is a thoroughly structured processing of youth that enter the youth judiciary system. 

Any delinquent aged 12 to 18 that commits a punishable offence and is interrogated by the police, enters 

a process that will eventually determine whether they will be prosecuted. Apart from the decision to 

pursue prosecution, a recommendation can be made for additional investigation into the development of 

the young delinquent and to adjust sentencing, punishment and intervention on the needs of the child. It 

should not be surprising that criminal behavior is dealt with in a much more structured way, considering 

the importance of rule of law in Western societies and the prevailing consensus that crime needs to be 

managed by close involvement and imposing just reciprocal measures (Mehozay & Fisher, 2018). 

2.4 Risk assessment instruments 
The essence of all the work the RvdK conducts relates back to the assessment of risk. Risk is deduced from 

risk factor analyses on the behavior of the child itself, as well as the environment of the child, whether that 
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be its social circle, home environment or educational environment. Investigations focus on obtaining a 

clear and balanced view of factors that put at risk the safety and wellbeing of the child or their 

development, with recommendations focusing on ways to alleviate the risks present. In criminal 

investigations, cases wherein a minor shows delinquent behavior, the RvdK will in certain cases conduct a 

dynamic risk factor analysis. Based on this analysis, insights into the criminogenic needs of the minor are 

gained, which serve as the basis for the informing of decisions on possible prosecution or other correctional 

interventions upon (Van der Put, et al., 2011). As such, the work the RvdK conducts within this field is firmly 

established in the positivist school of criminology and risk assessment is conducted in accordance with the 

episteme of the pathological self. 

Towards this assessment of risk, the RvdK over the years has used various methods and instruments. In 

recent history, up until some 6 years ago, the RvdK used the Basis Raadsonderzoek (BaRo), or basic council 

investigation, as the method for all its investigations  in the civil and criminal domain. This method enables 

investigators to approach often complex situations in a structured way in order to obtain a complete and 

balanced view of all relevant factors within a specific case. The BaRo, however, is not unambiguous and 

the guiding principles are subject to interpretation and prioritization at the investigators’ discretion. In an 

effort to resolve these issues and standardize the assessment of criminal youth not only within the RvdK, 

but throughout the entire juvenile justice system, a set of new assessment instruments and guidelines was 

introduced for use in the criminal domain, named the LIJ (Van der Put, et al., 2011). 

2.4.1 Landelijk Instrumentarium Jeugdstrafrechtketen 
The Landelijk Instrumentarium Jeugdstrafrechtketen (LIJ), or nationwide instrument for the juvenile 

criminal justice system, is a set of risk assessment tools that is, as the name suggests, used by various 

parties within the juvenile criminal justice system. With this instrument, all delinquent youth aged 12 to 18 

is assessed for the risk of recidivism. The assessment is conducted in different phases and to a differing 

extent, based on the severity of committed offense and the initial risk assessment. Based on both, a routing 

decision is made that determines whether to pursue criminal prosecution, correctional interventions or 

pedagogic interventions in the life of the child. This routing decision also determines the need for further, 

more comprehensive risk (Spanjaard & Van der Put, 2012). 
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Figure 1 - Chain of instruments of Landelijk Instrumentarium Jeugdstrafrechtketen 

The above graph shows the possible routing of a delinquent through the LIJ once they enter the juvenile 

criminal justice system. Logically, when a minor commits a crime, their first point of contact in the criminal 

justice system is the police. The police corps is tasked with conducting a pre-select assessment, which is 

largely automated and consists of data on the delinquent that is available within the police corps’ 

databases. Based on this assessment, which results in a risk score between 0-20 and the nature and severity 

of the crime, a delinquent can follow three distinct paths. If the offense is a simple misdemeanor or the 

pre-select recidivism risk is low, it can be decided to stop further assessment and the decision not to pursue 

any kind of prosecution or penalty.  

In specific cases, where the perpetrated offense is a so-called HALT-worthy offense, the youth is referred 

to HALT, where they receive additional assessment outside of the LIJ. HALT is an independent 

governmental organization tasked with the prevention and correction of youth delinquency. HALT 

specializes in offenses such as school absenteeism, light vandalism or theft and can impose correctional 

punishments such as community service. If neither the HALT criteria are met, and the risk of recidivism is 

mid to high or the offense is of higher severity, the youth will be directed to the RvdK, which will assess the 

risk of recidivism more thoroughly to pinpoint areas of concern in the behavior, development or social 

environment of the youth. This is done by conducting instrument 2A, which identifies criminogenic factors 

and results in a dynamic risk profile of criminogenic factors that are subject to change.  

If the dynamic risk profile shows little to no criminogenic needs of the youth, the processing of the youth 

in the LIJ is halted. Based on the profile obtained, the RvdK can recommend to the juvenile court an 

intervention or a certain sentencing fitting not necessarily for the offense committed, but rather the 

specific criminogenic needs of the delinquent. If the assessment with instrument 2A results in a high 

amount of criminogenic concerns or needs, the RvdK can decide to conduct further assessment with 

instrument 2B or, recommend referral to youth probation after sentencing, where instrument 2B can 

repeatedly be performed. 2B is a more profound instrument, with a more thorough assessment and 
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resulting in a more complete view of the criminogenic needs of the youth. Based on these results, youth 

probation officers decide on the approach undertaken with the minor and if probation needs to be 

continued.  

Whereas instrument 1, the pre-select, is largely automated and based on static data, instruments 2A and 

2B consists of lengthy questionnaires into various aspects of a minor’s general behavior, development and 

social environment. Groups of questions relate to a single domain and the entire instrument measures a 

set of factors that are dynamic, changeable over time. Pre-select scores are a result of calculations with 

variables such as the number of encounters with the police as a suspect, severity of offense, number of 

encounters with police as a witness or bystander, etc. These factors are considered static, in that the risk 

they represent do not change over time. The number of crimes committed can change over time, but only 

upwards, as the perpetrator continues to display delinquent behavior. In case of rehabilitation, where a 

minor does not continue to display said behavior, the risk based on the number of crimes committed does 

not change.  

The choice to base initial risk assessment on such simple statistics was made in large part due to the desire 

to alleviate pressure on the police corps to manually assess each young delinquent. All data used in 

calculating a pre-select score is readily available and directly drawn from the police corps’ information 

systems. Considering the data used in the assessment of recidivism risk, which arguably represents a 

perpetrator’s continued risk to society, the pre-select score follows similarly to risk assessment based on 

the episteme of the rational self. To assess risk of an individual, one should look no further than his actions, 

as his actions follow from strictly rational considerations made by the individual. 

In stark contrast, then, are the domains covered in the assessment with instruments 2A and 2B, which 

seem firmly based in the episteme of the pathological self. These domains intend to measure not only 

internalized behavior of the delinquent, but also external influences on the child, seemingly following the 

belief that displayed behavior is a result of an interplay between personal and environmental factors. The 

domains covered in instruments 2A and 2B are School, Work, Family, Spare time, Friends, Drugs- and 

alcohol usage, Mental health, Attitude, Aggression and Skills. Appendix I is an example from an output 

graph from instrument 2A, showing scores on the 9 domains, both as risk- and mitigating factors.  

It might seem contradictory for two risk assessment tools following different epistemes to be featured in 

what is meant to be a coherent toolkit. An assessment of a suspect based on the episteme of the rational 

self determines whether they further enter the juvenile justice system, where they will be assessed based 

on the beliefs held by those in the positivist school of criminology, the episteme of the pathological self. 

Judging the set of tools as a whole, one can see the origin of this paradox in the prevailing paradigm of the 

managerial movement within the justice system  in the Netherlands (Terpstra & Trommel, 2009) and the 

somewhat conflicting vision and beliefs held by social services institutions. The system, as it was designed, 
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does align the treatment, intervention or sentencing of the youth delinquent based on both internal and 

external factors believed to inform the displayed behavior of the minor.  

But as public institutions, such as social services and the criminal justice system, are under continuous 

pressure to reduce expenditure, such elaborate assessment and treatment is simply not feasible for every 

delinquent that enters the juvenile justice system. The pre-select risk assessment, instrument 1 in the set 

of instruments of the LIJ, arguably serves as a gatekeeper, steering recourses to where they would be most 

needed or effective. It allows the police and subsequent institutions to decide, early on, the extent of 

further assessment and possible treatment of a delinquent based on the risk assessment by pre-select. 

Assessment based on the episteme of the rational self, therefore, is not necessarily seen as the best 

representation of risk, rather as an adequate indicator of the presence of risk factors as stem from the 

episteme of the pathological self, which is part of the lengthier and more recourse intensive assessment 

performed by the RvdK and probation officers. 

2.4.2 Living Labs 

As risk assessment has been a staple within the criminal domain for years, the urge to experiment with 

transferring risk assessment over to other domains has risen. The Data & Information Management 

department of the RvdK to this goal, initiated a project in collaboration with the NFI to create a risk 

assessment algorithm, applicable within the civil domain of RvdK investigations. This collaboration was 

born out of the Living Labs initiative of MinJenV to approach prevailing issues and societal problems within 

the responsibility of the various branches of the Ministry by applying new and innovative techniques based 

on data analysis (Barnhoorn, et al., 2018). The Living Labs 1 experiment by the RvdK and NFI was one of 

the first to be initiated under this initiative. 

The project, conducted in early 2017 and spanning some 3 months, focused on the assessment of presence 

of sexual abuse in investigations within the civil domain. Sexual abuse is one of the most severe and 

traumatizing forms of abuse a child can experience (Kendall-Tackett, Wiliams, & Finkelhor, 1993). Estimates 

on the prevalence of sexual abuse amongst children vary, as it is a difficult phenomenon to assess, but go 

as high as 8% for boys and 16% of girls in Europe by age 18 (Stontenborgh, Euser, & Bakermans-Kranenburg, 

2011). As such, it forms an important focus of investigations by the RvdK within the civil domain, with 

guidelines implemented to inform on signs of sexual abuse, regardless of the original focus of investigation. 

Even with stringent focus on uncovering sexual abuse, the RvdK estimates it misses nearly 3 in 4 cases of 

sexual abuse amongst its clientele, based on the assumption that children within the care of RvdK are at 

higher risk of abuse than those within the general populace (Klaver, Van Eijk, Hoofs, Ugen, & Veenman, 

2017). Victims of sexual abuse are often coerced into secrecy and social workers often feel ill-prepared to 

conduct the careful assessment and examination into possible abuse. Pediatricians agree that sexual abuse 
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is very difficult to detect, with signals a child gives to its social environment or symptoms varying by child 

and often so ambiguous to be mistaken for something else (Kellogg, 2005).  

This ambiguity surrounding signs of sexual abuse and general difficulty in detecting occurrence makes 

devising appropriate actuarial risk assessment models near impossible, especially considering the sparse 

quantitative data on factors associated with and prevalence of sexual abuse among children. The Living 

Labs experiment approached the issue from a different perspective, mining textual data to assess the 

likelihood of presence of sexual abuse within investigations (Klaver, et al., 2017). To this goal, textual data 

from over 4000 reports of investigations within the civil domain of the RvdK were used in the training of a 

logistic regression algorithm. 

From reports, words and bigrams were used as input for the algorithm. Words were filtered for 

commonality, words present in over 80% of reports were filtered, along with a list for common Dutch 

names. The frequency of the remaining words relative to the document length for each report were used 

as input, with the presence of sexual abuse within these cases drawn from the RvdK case information 

system. For the final model, the 2000 factors, words or bigrams, with the highest trained weight factors 

were included in the final model to prevent overfitting. The resulting model was considered to work 

relatively well, according to its developers at the NFI. A sensitivity-specificity and precision-recall analysis 

can be found in Appendix II. 

Looking at the method of development and data sourcing and the performance metrics, one cannot escape 

to doubt the validity of the algorithm. Based on the RvdK’s own estimation on the prevalence of sexual 

abuse, the target being modelled is misrepresented in the data, as only confirmed instances of sexual abuse 

are represented. Cases wherein sexual abuse were to be missed would be wrongful data and contribute 

negatively to the uncovering of missed cases by the algorithm. Then there is the issue of data leakage. The 

data used consists of finished reports of investigations within the civil domain, likely containing to some 

degree indicators of sexual abuse if was concluded such occurred. It would be unlikely none of this 

information was picked up by the algorithm. One could see the algorithmic assessment resulting in score 

representing the similarity of a certain text to reports of cases of sexual abuse uncovered by the RvdK, not 

the likelihood of presence of sexual abuse within a given environment. 

Regardless of the validity of the model, the experiment does pose interesting and valid questions on the 

future of risk assessment within social services. Many within the RvdK hold the belief that the rights and 

wellbeing of a child should always be the singular priority of the RvdK, this end justifying any means. If 

unconventional tools, such as algorithmic risk assessment, could add value to the work of the RvdK or 

otherwise help in increasing the safety and wellbeing of children, then the RvdK would be morally obliged 

to use those. Alongside the shift in epistemological paradigm of risk assessment, away from actuarial risk 

assessment following causal relations stemming from scientific research towards algorithmic risk 

assessment, this would indicate that well-performing algorithms would potentially be embraced by those 
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working in social services. Especially with precarious issues such as child sexual abuse, where actuarial risk 

assessment seemingly is a perilous effort, algorithmic risk assessment serves as an interesting alternative. 

As has become clear, however, the beliefs on risk assessment held by those in social services like the RvdK 

are firmly set in the episteme of the pathological self. Information collection meant to inform decisions on 

risk and intervention is focused on risk factor analysis and domains of interest on the internal behavior and 

external forces the individual is subject to. To transition to the use of foreign-feeling algorithmic risk 

assessment from understandable actuarial risk models that are based on the same knowledge, beliefs that 

are a result of years of study or professional experience seems a tall order. Whereas the use of actuarial 

risk assessment results in a thorough understanding of risk and mitigating factors in the development and 

environment of the child, the knowledge resulting from algorithmic risk assessment would be less tangible. 

How, then, would the use of algorithmic risk assessment be envisioned? Usefulness of such a tool, assuming 

adequate performance, would rest on the translation of identification of risk and risky environments by 

algorithm to successful intervention by social services. Action based on algorithmic assessment would 

require the belief of the user that the assessment of an algorithm could be able to provide them with 

information beyond their own knowledge, which is the exact thing the transition away from the episteme 

of the pathological self puts at risk. “Trust is necessary if one wishes to have knowledge of anything 

interesting beyond one’s own immediate experience” (Webb, 1993). This is the case for both actuarial and 

algorithmic risk assessment tools, trust being a prerequisite for its use within social services.  
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TRUST IS NECESSARY IF ONE WISHES TO HAVE KNOWLEDGE OF ANYTHING 

INTERESTING BEYOND ONE’S OWN IMMEDIATE EXPERIENCE.  

MARK OWEN WEBB  
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3 Trust theory 
Trust is an oft-discussed, but still somewhat elusive concept. A considerable body of literature has been 

devoted to discussing the epistemology of trust and its role in mediating relationships between individuals, 

organizations or even individuals and organizations. While epistemology of trust finds its origins in 

interpersonal relations and interaction, it has been transferred to the field of human-machine interaction, 

as technology and our interaction with it has become increasingly prevalent. This section will discuss the 

epistemology of trust in human relationships before venturing into the field of human-machine trust 

relations relevant for this research.  

To answer the research question posed in Chapter 1, this chapter will then theorize the applicability and 

transferability of established theory on trust in automation technology to trust in (algorithmic) risk 

assessment. While risk assessment tools are a type of automation, section 3.3 will argue that trust and 

reliance on such technology are more analogous to trust in human testimony. Section 3.3 and its sub-

sections will lay the ground for the grounded theory research on the extent to which trust in automation 

technology is analogous to trust in algorithmic risk assessment. This will be done by discussing technology-

specific characteristics of algorithmic instruments and situational characteristics specific to the context of 

child welfare services likely to impact the transferability of established theory on trust. 

3.1 Interpersonal trust 
While trust is a term that is widely used, often to characterize a social relationship between two individuals 

and conveying an emotional dimension, it is a convoluted concept. Lewis & Weigert (1985) note that trust 

not only includes an emotional dimension, but also a rational one. They argue that in different types of 

relationships these factors contribute in different ways and to different degrees. In close social 

relationships, the emotional dimension has the upper hand, while in intergroup relationships the rational 

dimension plays a more significant role in the establishment of trust (Lewis & Weigert, 1985). Many 

researchers have tried to capture this complexity and have therefore come up with differing definitions 

tackling the multidimensionality in varying ways.  

One oft-cited definition of trust between individuals is “the confidence that one will find what is desired 

from another, rather than what is feared” (Deutsch, 1977). From this definition it can be deduced that trust 

is an expectancy that a third party will act or perform a set of actions that will have a result not deviating 

from the desires of the individual, the trustor. This definition also clearly notes that there exists the 

possibility of the actions of the other to have a result that is feared by the trustor. Therefore, there is 

uncertainty in the outcome of the actions of the other party. This uncertainty can be found more explicitly 

in several other proposed definitions, among which is the following: “[trust is the] expectation related to 

subjective probability an individual assigns to the occurrence of some set of future events” (Rempel, 
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Holmes, & Zanna, 1985). Both these definitions put an emphasis on the achievement of an expected 

outcome. 

Muir (1987) notes that both these definitions only capture part of what constitutes trust as it argues that 

trust is a more complex, multidimensional term. For her argument, she cites another frequently used 

definition of the term by Scanzoni (1979): “[an] actor’s willingness to arrange and repose his or her activities 

on [an] other because of confidence that [the] other will provide expected gratifications”. While this 

definition clearly has a degree of overlap with the one posed by Deutsch (1977) in that it speaks of the 

expectation that another party will perform activities in line with the individual’s desires, Scanzoni (1979) 

adds to this definition by explicitly speaking of a transfer of activities or responsibilities from one actor onto 

another, introducing a form of agency in the trust relationship. This definition more clearly describes a 

relationship that is dependent on the characteristics and performance of the trustee, alongside with the 

achievement of an expected outcome as captured by the previously mentioned definitions.  

A simple definition that considers the individual’s goals, the agency relationship and the uncertainty of 

outcomes in the future is proposed by Lee & See (2004), who state trust is “the attitude that an agent will 

help achieve an individual’s goals in a situation characterized by uncertainty and vulnerability.” The 

introduction of vulnerability of the individual regarding the agent’s behavior stems from one of the most 

widely used definition of trust, being “[the] willingness of a party to be vulnerable to the actions of another 

party based on the expectation that the other will perform a particular action important to the trustor, 

irrespective of the ability to monitor or control that party” (Mayer, Davis, & Schoorman, 1995). 

This definition seems to cover all aspects that others often have tried to capture in varying definitions of 

the term applied to different types of dependency relations. It appears to be applicable to any kind of 

dependency relation wherein a party places trust in another party to act in line with the interests of the 

trustor. The trustee, however, maintains independence and can possibly have other interests, or might not 

be capable of performing what is expected of them. Trust in this definition, then, is the decision, consciously 

or unconsciously, to be reliant on the performance of another party, regardless of the uncertainty this 

transfer of responsibility introduces and noting that this decision makes the party vulnerable to the actions 

of the other. 

This definition of trust, noting that it forms the basis of an action, makes it generalizable over different 

relationships, not only between individuals in a social context, in which the term is often used, but also 

between an individual and an organization or even between organizations. This falls very much in line with 

Lewis & Weigert’s (1985) distinction of the emotional and cognitive dimensions of trust establishment. 

Trust as a conscious decision, conveying more the cognitive dimension of trust establishment, is more 

prevalent in relationships between groups of people or organizations, where interests often do not align 

and the inability to govern the actions of the other organization are even more pronounced (Zaheer, 
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McEvily, & Perrone, 1998). Towards addressing the intricacies of specific relationships, different fields of 

study have come up with definitions of trust applicable to their specific field. Akkermans, Bogerd, & Van 

Doremalen (2004), for example, present various situations, arguing that the amount of information that is 

shared between parties in a relationship has a positive influence on trust. This information serves as the 

basis for the cognitive process through which trust is established. This serves to show that the 

establishment of trust, and factors influencing this establishment, vary widely based on the type of 

relationship and the environment in which it is to be established. 

3.2 Trust in automation technology 
Individuals, groups of individuals or organizations represent just a subset of parties on which 

responsibilities can be transferred in a trust relationship. Even before the industrial revolution have 

humans used tools and techniques to automate certain processes, in a way transferring responsibility to 

perform a simple set task to a machine. But by taking the definition of trust as proposed by Mayer, David 

& Schoorman (1995), it will become clear that one cannot always speak of a trust relation regardless of the 

type of technology. Machinery introduced during the industrial revolution, for example, followed very 

simple mechanical processes, and because of this simple nature, trusting wouldn’t seem applicable. 

One important component of trust definitions, as was shown, is uncertainty and vulnerability and the 

inability to exert direct control over the trustee. As an example, a conveyerbelt has simple mechanisms 

through which it performs its function. In its functioning, there is no uncertainty on its performance and 

no possibility for deviant behavior. The only uncertainty at play in this example is the possibility for a 

physical defect which would result in the convyerbelt not being able to carry out its task. Conveyerbelts 

are also able to completely be assessed by an individual for technical competence, ruling out any 

uncertainty in that regard.  

An expanded definition of trust by Barber (1983) further drives this point home. He proposed a terminology 

of three expectation components: (1) the expectation of the persistence of the natural and moral social 

orders, (2) the expectation of technically competent role performance by a trustee, and (3) the expectation 

that a trustee will carry out their fiduciary obligations and responsibilities. By speaking of expectations, 

there is an implied uncertainty regarding all of these components. When this uncertainty is not present, 

one wouldn’t be able to speak of a trust relation with a technology. Returning to the conveyer belt, the 

ability to monitor its functioning, understand its physical processes and the ability to intervene in its 

process is clearly present, taking away the necessary ingredient of uncertainty. 

Jones (1996) notes that “free will” of an agent is a necessary condition to be able to speak of trust. While 

it can be questioned if any kind of technology has any degree of such free will, the illusion of free will, or 

analogous - uncertainty surrounding process or performance seems to be a sound translation of that 

criteria in the relations between humans and technology. Automation technology, generally being complex 
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due to its use of sensors, semi-conductors and otherwise advanced componentry, would fit this description 

perfectly, as it removes the direct control an operator would have over its functioning and simultaneously 

introducing the component of uncertainty related to fiduciary responsibility in the relation. 

3.2.1 Processes of trust 
The body of literature on trust in automation technologies is often of empirical nature, where prospective 

users are put into a simulation environment with the aim to capture the influence of one independent 

variable on the amount of trust a user is willing to put in the automation. Hoff & Bashir (2015) consolidate 

a considerable body of research, mostly of this kind, to come to a coherent set of factors influencing trust 

in automation technology. Before discussing this literature, however, it is important to create a better 

understanding of how trust is cognitively established and how individuals process information to base their 

trust decisions upon. This will help in understanding not only the empirical relation of factors to trust but 

help build theory on how potential changes in these factors will influence the trust relation where such 

evidence is not present.  

Lee & See (2004) propose a model on the evolution of trust, defining three distinct processes through which 

information on the technology is assessed, resulting in the evolution of the level of trust the user puts in a 

technology. These processes are defined as the analytical-, analogical- and affective process. As noted, 

trust in close interpersonal relations largely follows an emotional dimension, represented in this 

terminology by the affective process, whereas trust in business and organizations largely follows a rational 

form, or the analytical process. Realistically, no trust relation is to be solely based on a single of these 

processes, rather on a complex interplay between all three, with the weight of a single process varying 

depending on the context and the agents involved. Whereas organizational studies represent trust 

establishment and evolution between agents as a mostly rational process based on the analysis of risks, 

costs and benefits, the influence of this purely rational cognitive process governing trust is likely overstated 

(Janis & Mann, 1977). 

As others argue, the affective process in trust formation is a far stronger influence than both the analytical 

and analogical processes (Loewenstein, Weber, Hsee, & Welch, 2001). The analytical process concerns any 

reasoning on the rational formation of trust through calculations of risk and reward or an exhaustive 

exploration of alternatives. Considering how cognitively demanding it is implied to be, most trust 

considerations are at least in part based on less demanding processes, like the analogical process. 

Analogical judgments can take the form of linking certain characteristics of an agent to previous experience 

or environmental context and how said context would have implications for the agent’s behavior. It is the 

analogical process that facilitates trust based on category membership, e.g. trust in a police officer due to 

a police officer being a member of a trusted institution. This category membership can be reasoned to be 

an effective shortcut to the rational calculation of trustworthiness based on institutional arrangements 

that explicitly or implicitly state the expected behavior of its members.  
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The affective process encapsulates the emotional dimension of trust. Whenever analogical reasoning fails 

to apply, and the cognitive resources needed for analytical assessment exceed those available, emotions 

can guide behavior and decisions (Lee & See, 2004). Figure 2 visualizes the three processes of trust 

evolution where information and beliefs are processed, with all three processes also influencing the 

information assessment of each other. The bold line emphasizes the stronger influence of the affective 

process on the analogical and analytical than vice versa.  

 

Figure 2 - Processes of trust (Lee & See, 2004) 

While trust plays a critical role in the usage of automation technology, the consensus in the literature is 

that it is not the sole determinant for actual use or reliance. Trust informs the intention to rely upon an 

automation, which in turn informs the actual reliance decision (Lee & See, 2004). There is a multitude of 

factors influencing the reliance decision, all having the potential to strengthen or decrease the influence of 

trust in the reliance, regardless of the level of trust the user has in the automation technology. A simple 

example is that of the influence of workload on the reliance decision. Low workload may mean that an 

individual has more time, and thus more cognitive resources to make a conscious, thorough decision for 

reliance based on trust, while high workload may trigger reliance for the sake of convenience, as the 

individual would have very little time to perform the automated task themselves. 

What will be shown in Section 3.3.1 is that, especially in the context of child welfare services, this reasoning 

doesn’t transfer to the use of risk assessment tools. The relation between trust and reliance is far more 

direct, making a strong case for the relevance of research towards the trust relation between users and 

risk assessment tools and laying bare the deficiencies in the current theory as it would apply to such 

relations. Before making this argument, Hoff & Bashir’s (2015) framework of factors influencing trust will 

be discussed, as the factors as identified by them will serve as the basis for the discussion of the 
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transferability of current trust theory to risk assessment tools and the identification of areas wherein likely 

discrepancies will manifest.  

3.2.2 Empirical factors influencing trust 
Lee & See (2004) offer a coherent model on the process of trust evolution how this level of trust informs 

an operator’s decision to use and rely upon an automation technology. They note that a host of external 

factors influence not only the process of trust evolution, but also the interpretation of information as 

gathered through using the automation as well as how trust influences an intention to rely and yet again 

how external factors influence the translation of this intention to rely to actual reliance. Hoff & Bashir 

(2015), in their research on factors influencing trust in automation technology, draw up a framework that 

presents a set of empirical factors influencing trust, rather than theorizing the complex cognitive processes 

through which these factors would influence trust.  

They define trust in automation technology as consisting out of different layers of trust. Factors influencing 

trust in automation technology can roughly be attributed to three categories: relating to the operator, the 

environment or the automation itself (Hoff & Bashir, 2015). These categories are similar to terminology of 

layers of trust as defined by Marsh & Dibben (2003): dispositional, situational and learned trust 

respectively. Dispositional trust refers to the extent an individual is inclined to trust technology 

independent of the situational context or type of technology. Dispositional trust can change over time, but 

generally stems from long-term developments and experience, personality traits and even culture. 

Situational trust refers to all factors influencing the trust relation that are either specific to the task and 

the (organizational) environment or to the interplay between the user and the task. The latter set of factors 

is referenced to as internal situational trust, where the former set is named external situational (Hoff & 

Bashir, 2015). 

Then there is learned trust, representing the factors influencing the evolution of trust through system usage 

and previous experience. Hoff & Bashir (2015) make a distinction between initial and dynamic learned trust, 

where initial learned factors represent the a priori knowledge on system functioning and performance, 

either stemming from earlier experience with a similar system or second-hand experience. Dynamic 

learned trust reflects Lee & See’s (2004) framework of trust evolution through the assimilation of 

information gathered through system usage. Factors within this domain largely reflect information on 

system performance and process employed, but also the way such information is presented to the user 

and the extent to which the system allows for user control.  

The terminology of layers implies a certain chronology. This would also help make a distinction between 

initial trust establishment and trust evolution through usage. Initial trust in automation technology, 

established a priori, would be a result of a different set of factors than an adjustment of this trust after a 

period of interaction with the automation. Looking at Hoff & Bashir’s (2015) framework of trust layers and 
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the factors influencing trust attributed to these layers as presented in Table 1 helps to explain why this is 

the case. Even before any interaction with a system has taken place, factors representing the dispositional- 

and situational trust layers will play a role in establishing trust. Factors from the learned trust layer, 

especially those of the dynamic learned trust, only come into force once an operator starts using a system. 

Dispositional    Culture 
Age 
Gender 
Personality traits 

Situational Internal  Self-confidence 
Subject matter expertise 
Mood 
Attentional capacity 

 External  Type of system 
System complexity 
Task difficulty 
Workload 
Perceived risks 
Perceived benefits 
Organizational setting 
Framing of task 

Learned Initial learned  Attitudes/expectations 
Reputation of system 
Experience with (similar) system 
Understanding of system 

 Dynamic learned System performance 
 

Reliability 
Validity 
Predictability 
Dependability 
Timing of error 
Difficulty of error 
Type of error 
Usefulness 

  System design Appearance 
Ease-of-use 
Communication style 
Transparency/feedback 
Level of control 

Table 1 - Factors influencing trust in automation technology (Hoff & Bashir, 2015) 

Lee & See (2004) argued that the difference between initial trust establishment and subsequent trust 

evolution is the information on which that trust decision is based. Through usage, a user is able to gather 

information from the automation. This information can be relating to either the automation’s purpose, 

process or performance (Lee & See, 2004). This connects strongly to the earlier discussed definition of the 

components of trust by Barber (1984), where purpose can be seen as being analogous to fiduciary 

responsibility or the designed intent of a system (Muir, 1987). Process is similar to the expectation of 

persistence, where such information supports a user in building a mental model of automation through 

which it is able to understand its behavior. This not only goes for mechanical automation, as it also forms 
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the basis for trust in decision trees that are used in medical diagnosis (Muir, 1987). Performance captures 

the expectation of technical competence. 

These types of information can then be seen as relating to Hoff & Bashir’s (2015) factors concerning system 

performance. Information on an automation’s process would inform how a user perceives its predictability 

and dependability, which are directly linked to trust. A user’s view on a system’s reliability and validity 

would seem likely to be stemming from information gathered through usage on an automation’s 

performance. Similarly, error related factors influencing trust would also be ascribed under performance 

information.  Purpose, finally, would inform the perception of usefulness. The comparison of purpose to a 

technology’s designed intent helps to understand this relation, if a user is able to gather information on an 

automation’s designed intent, the task to be fulfilled by the automation as it’s designer intended, it is able 

to compare it to the user’s own intention and decide upon the system’s usefulness to the task at hand. 

The factors as presented in Table 1 stem from Hoff & Bashir’s (2015) meta-analysis of a body of mostly 

empirical research on factors influencing trust in automation technology. This body of empirical research 

consists in large part of simulated interaction with decision support automation or information analysis 

automation in highly structured environments. Such environments can be combat related, such as an 

experiment where noisy sensor information analysis is automated to support user decision making (Biros, 

Fields, & Gunsch, 2003) or where an artificial agent makes combat decision recommendations (Mercado, 

et al., 2016). Many, even though not classified as combat related, are similar in that they represent 

deterministic environments such as flight-control (McGuirl & Sarter, 2006; Bass, Baumgart, & Sheple, 

2013).  

This raises some questions regarding the transferability of their findings onto risk assessment tools. 

Especially within the context of child welfare services, where risk assessment is probabilistic rather than 

deterministic, and the application of the tools meant to augment human decision-making instead of 

automating it, are there considerable differences. Even though the factors as collected by Hoff & Bashir 

(2015) are somewhat ambiguous and alteralbe to specific situations is it worth discussing where the largest 

discrepancies lie between general automation technology and risk assessment tools and what this might 

mean for the trust relation in working with such systems. The next section will discuss the differing trust 

relation when referencing risk assessment use and how technology- and situational specific characteristics 

might impact the applicability and significance of factors influencing trust.   

3.3 Trust in risk assessment 
Most literature on trust in automation technologies argues that the processes of trust evolution serve as 

the basis to form an intention upon, the intention to rely on the automation technology, to repose a task 

or responsibility onto the technology (Muir, 1987; Lee, 1994; Lee & See; 2004; Murthy & Mani, 2013). This 

reasoning makes perfect sense for the majority of modern technologies that are intended to automate a 
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type of action. In the specific case of risk assessment technologies, the task being reposed is, the 

assessment of risk. The assessment of risk as performed in social services or the criminal justice system, 

however, is not completed solely by a risk assessment tool. This is done by a professional assimilating 

information from various sources, whether they be a risk assessment tool, reports from 3rd parties or their 

own assessment and experience, resulting in a final risk assessment. This assessment of risk does not 

necessarily need to be tangible, as a judge will make a verdict or decide upon sentencing, implicitly basing 

its verdict on both the results of a risk assessment tool as well as its personal perception of a delinquent.  

To discuss trust in risk assessment tools, then, is to reflect on the established literature on trust in general 

automation technology in as far as a risk assessment tool can be seen as an automation technology. In 

section 3.3.1, the discussion of the trust relation between a user and a risk assessment tool will be shown 

to resemble trust in human testimony and argue that due to this resemblance, trust becomes an even more 

important determinant for usage and reliance on such tools than even would be the case for general 

automation technology. Simultaneously, specific differences between a human-automation relation as 

discussed in the previous section and the human-automation relation in case of risk assessment, divided 

into technology-specific characteristics and situational-specific characteristics, will be shown to complicate 

the dynamics of trust.  

In the following sections, these characteristics will be discussed, theorizing how these characteristics 

influence the dynamics of trust and identifying the most significant gaps in established understanding of 

the trust relation between a user and a system. Following the identification of these gaps in understanding, 

questions will be formulated that will further be used to guide the qualitative portion of this research. By 

answering these questions, the results section of this thesis will argue for the extent to which the 

established theory on trust in automation technology is applicable and transferable to human-risk 

assessment relations and in doing so answer the main research question.  

3.3.1 Trust in testimony 
A risk assessment tool provides an individual with an assessment, a piece or body of information which 

they can use to varying degrees in their decision making. As Webb (1993) put it: “trust is necessary if one 

wants to have knowledge beyond one’s own experience”. What this means can be exemplified by looking 

at a courtroom: if a judge decides to partly base its sentencing decision on the testimony of a witness to a 

crime, they assume the account of said witness is true. Accepting the testimonial account of a witness in a 

court case, or anywhere else for that matter, puts the judge, or more generally the information seeker, at 

risk of the account given being false, considering the assumption witnesses are free and can have interests 

differing from telling truth (Adler, 1994). Furthermore, in a situation wherein one needs to rely upon a 

second-hand account of events through testimony, an information seeker is unlikely to be in a position to 

verify said testimony. 
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Accepting testimony can therefore be seen as being characterized by vulnerability and uncertainty, 

following the characteristics of a trust relation (Mayer, Davis, & Schoorman, 1995). Trust in testimony 

allows the seeker of information to use said testimony as the epistemic basing of a belief (Adler, 1994). If 

testimony is for example an eye-witness account, trust in said testimony will assist a judge to form a belief 

on the occurrence of events. Similarly, a parallel can be drawn between accepting testimony of a witness 

to accepting the assessment of an assessment tool. A risk assessment is an account of risk of someone or 

something, or the risk someone or something is subject to in a specified context. It is intended to provide 

information outside the possession of the information seeker in a similar way to how testimony is used to 

fill in an epistemic gap on events. 

To act upon such an assessment, letting it partly or completely serve as an epistemic basing of a belief, is 

to believe the assessment has added value over the epistemic state of the information seeker. It can 

therefore be argued that testimonial trust serves as an important condition for the use of a risk assessment 

tool. Looking at the context in which risk assessment tools currently have been deployed in the juvenile 

criminal justice system, the risk profile generated by the risk assessment instruments may serve as the 

basis for sentencing or interventions, but only to the extent to which social service workers and youth 

probation officers agree with or recognize the risks as put forth in the assessment themselves.  

A lack of trust by users in risk assessment instruments in this context would not necessarily obstruct the 

practical application of such tools, but due to the voluntary nature of taking the accounts as given by the 

tools for granted and as the basis to form their own beliefs upon, it would result in the actual usage or 

reliance to remain lacking. The level of trust in risk assessment tools would be directly related to the extent 

to which its testimony would form the epistemic basing of the seeker’s risk assessment. So, the more trust 

a user has in the assessment of a risk assessment tool, the more they would base their beliefs on that 

account as opposed to discarding its assessment, increasing their reliance on the account of the tool. 

As was shown in section 3.2 on trust in automation technology, this direct relation between trust and 

reliance could also be challenged when speaking of trust in testimony. Reliance on testimony can be born 

out of convenience, if seeking information from alternative sources is inhibited by, for example, time 

limitations or other practicalities. In such cases there are no economical alternatives to the information 

given by testimony and the information seeker will choose to rely on said testimony based on rational 

considerations. There could also simply be a complete lack of alternative sources of information but 

resulting reliance can feel uncomfortable if the information seeker was not able to make a conscientious 

decision to rely upon the information (Baker, 1987). 

There is, however, a good argument to be made that forced reliance, or reliance out of convenience is not 

apparent within the context of child welfare services. Risk assessment in such cases is not only performed 

through an automated risk assessment tool, but through information and truth seeking by social service 



 

30 
 

professionals. These professionals are trained to assess complex social contexts and environments for risk 

and risk factors, and often have years of experience under their belt. There is, then, no shortage of 

alternative sources of information for these professionals to use in their final risk assessment, as 

conducting thorough research per case is a staple within the sector. Trust, therefore, is likely to be even 

more important in the specific case of risk assessment tools than with general automation technologies, 

especially in the context of social services. 

Trust in testimony can depend on the trustworthiness of those making the testimony. In literature on trust 

in human testimony, this is often illustrated by noting that testimony by, for example, a police officer is 

likely to be believed due to the trust one puts in a police officer, either as an individual or as an institution 

guarding the behavior of the police officer. The affective component of trust can also rear its head by noting 

that an account of a close friend will likely be believed against the account of a third party, which can go as 

far as refuting evidence disputing said account by a third party by believing there to be another reasonable 

explanation for that evidence (Baker, 1987; Jones, 1996). Accepting testimony to be truthful can also be a 

result of the trustworthiness of the testimony itself. If there it can reasonably assumed that the individual 

has intrinsic motivation to give an accurate account, the trustworthiness of their person becomes less 

relevant (Adler, 1994).   

Returning to risk assessment tools, trustworthiness of testimony must be a result of trustworthiness of the 

tool itself, as the system cannot have intrinsic motivation to give an accurate account, like the reasoning 

goes for trust in human testimony. So, while viewing reliance on accounts as given by risk assessment tools 

as being guided by trust in testimony makes a strong case for the importance of trust in such relations, this 

argument doesn’t provide alternative theory as to how this trust is established. To understand these 

dynamics, the next section will return to the theory on trust in general automation technology and start to 

theorize how technology-specific factors for risk assessment tools in general and more specifically the 

transition towards algorithmic tools might impact these dynamics, along with situational-specific factors of 

the child welfare services. 

3.3.2 Factors influencing trust in risk assessment  
Literature specifically on factors influencing trust in the use of risk assessment tools is scarce. Considerable 

attention has been paid  to trust in and reliance upon decision support tools, even specifically for social 

services (Monnickendam, 2000; Savaya, Monnickendam, & Waysman, 2001; Fitch, 2008), which would 

appear to be somewhat similar to risk assessment tools. Risk assessment tools however fulfill an 

information assimilation role, whereas decision support tools aim to structure decision-making and provide 

information to support in the selection between alternatives. Hoff & Bashir (2015) in their analysis also 

make this distinction and show that current literature largely focusses on decision support tools, nearly 

75% of articles cited relating to the use of such instruments.  
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The following sections will use the theoretical framework of cognitive processes influencing trust evolution 

by Lee & See (2004) as a lens through which to theorize the relation between the empirical factors 

identified by Hoff & Bashir (2015) on the trust relation between users and the LIJ and Living Labs 

instruments. More specifically, attention will be focused on how technology- and situational specific 

characteristics of risk assessment use within child welfare services differs from a typical use of automation 

in as far as this is assumed by Lee & See (2004) and Hoff & Bashir (2015) and what this would mean for the 

transferability of this theory to the specific context of this research. The insights from this theoretical 

discussion will inform the direction of the further qualitative portion of this thesis. 

Returning to Table 1, wherein factors influencing trust in automation are set out and categorized, the set 

of factors falling under dispositional trust can considered to be specific to the individual, the user. As such, 

dispositional factors are unlikely to differ across technologies or areas of application and are therefore out 

of scope for this research, as it explicitly aims to uncover differences in trust factors between risk 

assessment and general automation technology.  

3.3.3 Technology-specific factors 
Algorithmic models or tools, regardless of their application or employed algorithmic method, are often 

nicknamed Black Boxes. These are systems that receive input, apply some type of transformation on said 

input to come to an output without disclosing their internal workings (Pasquale, 2015). Such systems are 

considered opaque due to the inability to assess either its process or performance. Opacity of algorithms 

has played a considerable part in the public discourse surrounding the (responsible) use of algorithms in 

various fields, from social media like Facebook to security services such as the police or secret services 

(Broeders, et al., 2017). 

This opacity can have various causes. Burrell (2016) lays out three distinct causes of algorithmic opacity: 

(1) intentional (corporate) secrecy, (2) technical illiteracy and (3) the mathematical and high-dimensionality 

characteristics of algorithms. Whereas the first cause is relatively straightforward, the inability to assess an 

algorithm’s workings due to intentional obscurity of all information pertaining to its workings, the latter 

causes require some more explanation. Technical illiteracy refers to a layperson’s inability to assess the 

process or performance of an algorithmic system even in situations wherein said individual posesses 

information on the algorithmic tool in the form of mathematical formulas or computer code. In such cases, 

a user simply lacks the right technical knowledge to distill a mental model of such a system from the 

technical information that is provided to them.  

These two sources of opacity, however, don’t necessarily relate to algorithmic opacity. An argument could 

be made that intentional secrecy is not opacity per se, as hiding an object from view does not make said 

object opaque, rather outside of one’s view. And by lacking the technical literacy to understand an 

algorithm that does disclose its workings does not make the algorithm opaque, the one assessing the 
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algorithm simply lacks the right tools or knowledge to derive the sought-after information. The term Black 

Box is therefore perhaps better suited to describe the inability to assess an algorithm, as it implies the 

internally applied transformations are not visible to an assessor which is certainly the case for intentional 

secrecy.  

The third cause of opacity, relating to the high-dimensional character of the algorithmic methods employed 

to build high-performing models, is unlike the former two one that is inherent to the technology. While 

relatively simple algorithmic methods such as linear regression and logistic regression follow a traceable 

cognitive process, allowing for a user to fully understand the relation between such a system’s inputs and 

output, other techniques such as neural networks do not have this characteristic (Burrell, 2016). The 

amount of inputs, and subsequent transformations on those inputs are so complex and high in number 

that it is impossible for even those well-versed in either computer science or mathematics to understand. 

Such algorithms are often referred to as suffering from the ‘curse of dimensionality’ (Domingos, 2012). 

This lack of interpretability of complex models and their classifications and predictions are at the center of 

a broad ethical debate surrounding transparency and accountability in algorithmic decision-making 

(Burrell, 2016). Interpretability of algorithms and their predictions and classifications is often seen as a key 

way to increase user engagement and trust in the use of complex algorithms. Many research has gone into 

adjusting the design of algorithms to allow for increased interpretability of algorithms and their predictions. 

Some of this research has focused on techniques that would give insight into the cognitive process resulting 

in a specific prediction, such as local linear approximation techniques (Ribeiro, Singh, & Guestrin, 2016), 

explanation vectors (Baehrens, et al., 2010) or influence functions (Koh & Liang, 2017). Others have 

attempted to devise a new development paradigm for algorithms that would put understandability and 

interpretability as a core consideration in the modelling process  (Amershi, Cakmak, Knox, & Kulesza, 2014; 

Gleicher, 2016; Kim, Khanna, & Koyejo, 2016). 

But as long as these techniques aren’t universally applied, opacity, regardless of its origins, is likely to 

complicate the establishment and evolution of trust. It obstructs the ability of a user to gather information 

pertaining to a systems functioning. The lack of information on a systems process complicates judgement 

on the technical competence of the system for the given task, following Muir’s (1987) logic. Both the LIJ 

and the Living Labs tool are opaque, although stemming from different causes. Hoff & Bashir (2015) note 

that transparency of a system, or the feedback the system gives during use is an important factor of 

dynamic learned trust. But as the underlying systems are based on completely different techniques, the 

lack of transparency might influence the trust relation in different ways. 

Both instruments can be considered to be opaque, as the LIJ’s methods and calculations are inaccessible 

for users to assess, while the automated calculations of the LL tool too shows this obscurity. The actuarial 

model of the LIJ, though, employs an understandable method of calculation, cognitively simimilar to a 
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thourough, rational assessment by a human. And while the LL instrument employs an interpretable 

computational method, the argument many computer scientists would make in that this would guarantee 

understanding isn’t entirely safe from criticism. Calculating around 2000 factors would certainly see the 

instrument to suffer from the curse of dimensionality.  

As the usage of simpler algorithmic methods is encouraged for reasons relating to trust, transparency and 

accountability (Burrell, 2016), this use of trust seems to relate more to trust in institutions employing such 

algorithms as a result from increased transparency and accountability of the automated decision-making 

process, not relating to trustworthiness of the tool itself. Whether this understandability actually leads to 

increased trust is unknown. Going off Hoff & Bashir’s (2015) framework, system understanding is related 

to trust for general automation technology. Lee & See’s (2004) view on this relation helps explain why this 

is the case, but might not be transferable to complex algorithmic models. 

While it seems clear that opacity is likely to influence the dynamics of trust by obstructing obvious channels 

for users to gather information on performance from, the extent of this influence is unknown. This poses 

an important focuspoint for this research, namely to investigate to what the impact is of opacity on the 

dynamics of trust in opaque systems. While opacity, regardless of its source, is often discussed or treated 

as a singular phenomenon, this also raises the question whether all sources of opacity would influence the 

dynamics of trust in a similar manner.  

A question to be answered through the qualitative research would then be: what is the effect of opacity on 

the dynamics of trust in risk assessment instruments and how does this differ between sources of opacity? 

The LIJ has been used for more than 6 years as a part of standard criminal investigations by the RvdK. This 

would indicate the value of researching the extent to which a system facilitates the building of mental 

models to assess this system’s technical competence. If such processes are found to be strongly linked to 

trust put into these system’s, the potential of opacity as caused by intentional secrecy to disrupt this 

process can be put into question. A discussion on the Living Labs might then be able to offset such insights 

to the effect of opacity stemming from high-dimensionality. 

Another phenomenon that could play an important role in the establishment of trust is a user’s tendency 

to veer to other sources of information that might inform their trust decision. In light of absent system 

feedback or otherwise inability of a user to assess a system, trust establishment couldbecome more reliant 

on the expectation of fudiciary responsibility. Muir (1987) and Lee & See (2004) note that domain experts 

often serve as a proxy in the establishment of trust in complex automation technology in such cases. A user 

relies on the domain expert’s fiduciary responsibilty to provide a truthful account of its technical 

assessment of the technology on its designed intent and technical competence while simultanuously 

putting faith in their competence as a domain expert to assess a system. There might be a tendency of 
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users accepting the account of a domain expert on a technology, regardless of its own ability to verify the 

information based on the expectation of fudiciary responsibilty of the expert. 

Especially in light of the automated nature of the Living Labs instrument does this seem to be a relevant 

point to investigate further. A following question for the qualitative research portion of this thesis should 

thus be defined: are proxies for trust, such as domain experts, able to facilitate the establishment of trust 

in cases where an individual is unable to access or gather appropriate information and system feedback 

themselves? 

Hoff & Bashir (2015) define another category within dynamic learned trust factors next to system 

performance, namely system design. The factors that fall under this category would seemingly influence 

the affective attitude of users towards an automation, with appearance, ease-of-use, level of control all 

relating to the level of subjective comfort a user would have using the system. There are significant 

differences to be found in the visibility of the LIJ and the LL tool towards its (prospective) users. The extent 

to which the LL tool would be fully automated, performing analysis on texts independent of what an 

investigator would do, might severely impact the way the system is perceived, as it takes away user-faced 

visibility and any (perceived) control the user could have over the automation’s process. 

This perceived autonomy could  negatively impact the dynamics of trust. Humans have the tendency to 

perceive failures by technology and especially algorithms as being programmed, thinking they will occur 

over and over again (Dietvorst, SImmons, & Massey, 2015). Especially in the case of the Living Labs tool 

could this impact trust, as it might interact with the negative impact of low level of control the system 

allows for. More generally, hypothesizing the influence of specific characteristics of a technology is 

incredulously difficult. Gauging, let alone measuring affective attitude and its weight in a certain level of 

trust would be an impossible task, but it might still be of interest to venture into gauging affective attitudes 

a priori to the Living Labs instrument and if there are any signals to be found as to how anthropomorphism, 

or an algorithm’s perceived inability to learn would influence the dynamics of trust. 

The effect of both increased system autonomy and opacity on affective stances towards those technologies 

is an area of considerable relevance, as the affective stance itself not only informs a trust decision, but also 

facilitates, or obstructs, the dynamic relation between trust and more rational assessment of system 

performance, through the analogical and analytical trust processes. Another question important for this 

research to answer thus becomes: how does affective stance inform a user’s trust in the risk assessment 

instrument LIJ and what does this imply for the effect of affective stance on trust in prospective algorithmic 

instruments like the Living Labs instrument? 

Empirical evidence in this area is severely lacking, likely due to the general difficulty of accurately measuring 

an affective attitude, but also due to the relative novelty of automated algorithmic systems, especially in 

areas where they directly interact with human decision-making, like the context of risk assessment. 
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Researching user experience and interaction with the LIJ would potentially be able to reveal valuable 

insights. Instrument 1, a fully automated risk assessment that is opaque both in its employed calculations 

and used inputs for reasons of intentional secrecy would be able to inform the influence of autonomy on 

affective stance relevant for the prospected implementation of the LL instrument. Comparison with 

instruments 2A and 2B could serve as a usefull contrast to verify findings from such an assessment, as their 

calculations are still opaque but the instruments requiring considerably more user interaction. 

3.3.4 Situational factors 
Reflecting on the envisioned implementation of the Living Labs instrument, as a useful autonomous 

indicator of risk used in civil investigations of the RvdK, it is clear that the use of such a system would 

represent a shift of considerable magnitude both from a contextual point of view, as well as how such an 

assessment would serve as the basis of human decision-making. All of these differences have the potential 

to influence the dynamics of trust in such a tool and therefore warrant a thorough discussion. It is clear 

that environmental factors have the potential to influence trust, following Hoff & Bashir’s (2015) 

framework, in which they specifically set out a set of factors relating to the environment of the user and 

the automation system under the category external situational. The category internal situational relates to 

factors of the individual in the context of a given subject or task. While the latter is naturally of relevance 

to trust, in the context of this research the focus will more strongly be on the former.  

Some empirical factors categorized as situational factors are somewhat broad. Organizational setting for 

instance could refer to many different things.  In spite of the ambiguity of the defined situational factors 

influencing trust, the specific context of risk assessment instrument usage within child welfare services is 

likely to influence the dynamics of trust. For this, let’s return to Muir’s (1983) expectation of technical 

competence for trust. The environmental context of risk assessment tool usage within the RvdK 

complicates the assessment of technical competence through the inability to verify the given assessment 

with actual risk. This is the case for both the LIJ and the LL instrument, but to a somewhat different extent. 

This effect cannot be attributed to any of the empirical factors identified by Hoff & Bashir (2015), but is 

important to discuss nonetheless. 

Both risk assessment tools try to capture something very intangible and not directly verifiable. The LIJ aims 

to quantify the risk of recidivism of a young delinquent in instrument 1 by calculating a ratio of a 

hypothetical population consisting of individuals similar to that of the delinquent that will recidivize within 

1 year. Simply put, a score of 60% would mean said individual has a 0.6 probability to again commit a crime 

within 1 year of the arrest. This score, however, is inherently unverifiable for reasons twofold. Firstly, the 

future behavior of a young delinquent will either result in repeating criminal behavior or no criminal 

behavior, resulting in a binary classification. A ratio therefore is per definition unverifiable on the level of 

the individual. 
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As for the second reason, a ratio would be verifiable on the group level, were it not that the population in 

reality consists of a heterogeneous group of delinquents, all with different risks and challenges in their own 

behavior and within their environment influencing eventual future delinquent behavior. One therefore 

would be able to say that for risk assessment tools, information on a system’s performance through usage 

is absent due to its environmental context. This likely has serious implications for the trust relation between 

the tool and its user, but due to the scarce empirical research specifically into risk assessment tools, it is 

difficult to predict in what way this would impact the trust relation with any risk assessment tool.  

The same can be said for assessing the risk of sexual abuse in child cases. This risk, again, is presented as a 

ratio, the chance that within a certain child case there is the presence of sexual abuse. Not only is this ratio 

itself not verifiable, as sexual abuse is only present or not present, for the same reason as for recidivism 

risk there cannot be truly spoken of a population of similar cases, as every case is unique. Even more 

pertinent in the prediction of sexual abuse is the possibilty of a case of sexual abuse being missed, as 

estimates of the detection of sexual abuse, even in the cases being under investigation by the RvdK, run as 

low as 25% (Klaver, Van Eijk, Hoofs, Ugen, & Veenman, 2017). Recidivism risk can, on a group-level, be 

somewhat accurately evaluated one year after contact with the youth, but for sexual abuse this is simply 

not possible. How, then, would users of such system’s be able to form judgements on the technical 

competence and performance? 

This operational context of risk assessment use, and the absence of direct feedback loops to assess 

technical competence, is likely to influence the processes of trust. This explicit link between this operational 

contect and trust is absent from Hoff & Bashir’s (2015) situational factors, but seemingly relate closely to 

them. Reflecting this research’s goal of investigating the applicability and transferability of this established 

theory to the specific context of child welfare services, another question to be answered would be: how 

are users, in absence of direct feedback loops, able to assess technical performance of risk assessment 

instruments? 

While risk assessment has been used at length within the criminal domain, its application in the civil domain 

is entirely new. Where the discussion in section 3.3.3 mainly focussed on how technology-specific 

characteristics influence the relation between a user and system in the context of actual usage, looking at 

situational factors might better inform a priori attitudes towards an application in the civil domain. 

Interviews with RvdK users might be able to inform the transferability of trust based on situational factors 

as set out by Hoff & Bashir (2015). Looking, for instance, to factors such as system complexity, task difficulty 

and framing of task, as well as inherently subjective factors such as perceived benefits and risks, their views 

on the influence of such factors on their relation with the LIJ and discussions on initial perceptions of the 

LL instrument could potentially serve as an accurate gauge to a priori stances which would serve as the 

basis for trust. In this case, using the trust framework as an instrument for the assessment of trust in 

absence of empirical evidence or the possibility of (simulated) interaction could prove powerfull.  
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3.4 Summarizing 
This chapter aimed to establish that trust is a critical determinant for the use of automation technology. 

Due to the similarity of using a risk assessment tool as a means to gather information relating to the risk 

with accepting human testimony, this relation becomes even more apparent. This would mean that the 

amount of trust directly affects the extent to which an assessment by a risk assessment tool would be used 

to base treatment-, intervention- or sentencing decisions upon. While the trust in the assessment of risk 

would stem from the amount of trust one puts into the risk assessment instrument, , it is not entirely clear 

how this trust, especially in the case of the Living Labs instrument would be established. This chapter 

therefore defined four questions relating to the research goal of investigating the applicability and 

transferability of established trust theory to trust in risk assessment tools within the context of child 

welfare services that the qualitative research will aim to answer. 

Trust in an automation technology generally stems from the expectancy of technically competent role 

performance, but opacity severely obstructs a user’s ability to gather and assimilate information to base 

this judgement of technical competence. This lack of information gathering might force users to seek out 

other types or sources of information to be able to make a trust decision. One alternative avenue that 

could play a role in this is trust in testimony and trust in fiduciary responsibility of a third party. Assessments 

of technical competence by proxies could provide users with valid information to base a trust decision 

upon. To investigate the extent to which proxies play a role in the establishment of trust, the following 

question was defined:are proxies for trust, such as domain experts, able to facilitate the establishment of 

trust in cases where an individual is unable to access or gather appropriate information and system 

feedback themselves? 

Opacity of risk assessment tools was another identified factor possible of influence on the dynamics of 

trust. Even though both the LIJ and the LL instrument are opaque, the sources of their opacity differ and 

section 3.3.3 made an argument for the differing impacts these two types of opacity could have on the 

dynamics of trust. Interpretable algorithms have often been equalled to understandable algorithms, but 

when the algorithmic calculation doesn’t follow similar epistemological beliefs this comparison might not 

be valid. In cases wherein a user of an algorithm is able to interpret its method of calculation, but doesn’t 

belief in the relation between the inputs used and the output, the understanding of the algorithm might 

not lead to trust. Regarding this gap in established theory on trust another question for this research to 

answer became: what is the effect of opacity on the dynamics of trust in risk assessment instruments and 

how does this differ between sources of opacity? 

The operational context of the use of risk assessment tools, both in the criminal- and the civil domains of 

the RvdK also raise some questions regarding users’ ability to form a judgement on a system’s technical 

competence. The inherent unverifiableness of the output given by a risk assessment instrument in this 

environment means that a direct comparison between the outcome of such a tool and reality is not 
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possible. How users in light of this complex environment are able to base their views and beliefs on 

technical competence and performance is another area on which light should be shed. The question 

reflecting this area of investigation was defined as: how are users, in absence of direct feedback loops, able 

to assess technical performance of risk assessment instruments? 

Finally, the inherent subjective nature of affective stances, and the difficulty to accurately capturie such 

stances makes it all the more difficult to investigate, though not less relevant. There is reason to belief that 

high autonomy of systems is likely to impact users’ affective attitudes general, potentially inaccurate beliefs 

on autonomous systems as discussed in section 3.3.3 would show. An assessment of both autonomy and 

opacity of instruments 1 and 2A of the LIJ and their influence of user’s stances towards these tools is likely 

to serve as a source of information to answer the question formulated covering this relation: how does 

affective stance inform a user’s trust in the risk assessment instrument LIJ and what does this imply for the 

effect of affective stance on trust in prospective algorithmic instruments like the Living Labs instrument?  
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4 Methodology 
To answer the research question, this study employed a qualitative research method to collect and process 

data and distill results relating to the theory as discussed in Chapter 2 and 3. This chapter will lay out the 

research design and aim to explain both the relevance of the research question proposed as well as the 

relevance of the chosen research method as a means to answer this question. Relating to the study’s 

participants, both the sampling method used as well as the participant’s background will be discussed to 

the extent relevant for this research. Following the section on interview procedure, the method of data 

collection and processing will be discussed and finally, the implications of the chosen method and the 

research context on both credibility and transferability of results will be considered. 

4.1 Research question 
The research question of this research, as proposed in Chapter 1, is as follows: 

RQ: What factors influence the trust of users in algorithmic risk assessment tools in the context of 

child welfare services? 

As the RvdK is looking for ways to use methods of data analysis to assist them in tackling hard and persistent 

problems within their field, it is relevant to investigate user attitudes towards such new technologies. As 

detailed in Chapter 2, use of data analytics methods could take the form of new algorithmic risk assessment 

tools that assist investigators in their research and assessment of cases. Considering the form in which such 

an assessment takes in the tool developed as part of the Living Labs experiment, a score representing risk 

of presence of a certain problem, in this case sexual abuse, trust is likely to be a factor critical to enable 

effective usage of such a tool in practice, where effective usage refers to the extent a score of the tool is 

used as a basis for action or decision-making.  

As put forward in section 3.3.1, trust enables an individual to accept information outside of the individual’s 

own epistemic state as truthful in absence of direct ways to assure it is actually true (Adler, 1994). Trust is 

also a very current and relevant topic in the fields of computer science and human-technology interaction, 

as complex algorithms interact with the professional and private domains of life more and more often 

(Rainie & Anderson, 2017). In Chapter 3 several gaps in existing theory were identified by discussing the 

extensive body of literature on trust in automation technology and contrasting this epistemology to the 

specific context of (algorithmic) risk assessment tool usage within child welfare services. Section 3.3 then 

defined four questions relating to these gaps in theory and the goal of this research that were to be 

addressed by this research.These questions will be addressed in an effort to answer the proposed main 

research question. The following section will again discuss these defined questions and propose a method 

for gathering information through interviews with research participants relating to these questions in order 

to address them. To this goal translate, these questions will be distilled to broadertopics to be addressed 

during interviews with research participants. This translation of the identified questions to interview topics 
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will facilitate the forming of theory through a grounded theory approach by creating pools of data relating 

to the specific topics reflecting the questions posed. Furthermore, it will help structure both the interviews 

and the discussion of the resultsinto sections that will subsequently discussed in Section 4.4 and Chapter 5 

respectively.  

4.1.1 Interview topics 
From the literature discussion of chapter 3 there arose some areas of specific interest, gaps in theory on 

the relation of technological- or situational- characteristics of risk assessment within child welfare services 

and their potential influence on the dynamics of trust as derived from the established theory on trust in 

general automation technology. To be able to address these gaps in theory, four questions were defined 

for this research to answer. The following paragraphs discuss how these questions translated into topics 

for the interviews to discuss in order to acquire the relevant and necessary data to analyze.  

First there is the question relating to opacity.  

What is the effect of opacity on the dynamics of trust in risk assessment instruments and how does this 

differ between sources of opacity? 

With opacity being the first topic for the interviews, this needed to focus on gathering information relating 

to the effect of the LIJ’s intentional secrecy of its process on the dynamics of trust, more specifically as it 

relates to the user’s ability to form a judgement on the system’s technical competence through the building 

of mental models. This was then set out against a similar discussion on the Living Labs instrument. Even 

though the Living Labs instrument employs an interpretable algorithmic method, it can be argued to be 

opaque, stemming from its high-dimensional mathematical characteristics.  

The second question translated into an interview topic was directly linked to this discussion: 

Are proxies for trust, such as domain experts, able to facilitate the establishment of trust in cases where an 

individual is unable to access or gather appropriate information and system feedback themselves?  

A typical example of such a proxy was given in section 3.3.3, noting that often the expectation of fiduciary 

responsibility of a third party, one that is in a position to make a judgement on technical competence, that 

would transfer to trust in the system being assessed. The influence of proxies of trust became the second 

topic for the interviews, a discussion for both risk assessment systems. Foror the LIJ this discussion would 

mostly focus on a priori trust establishment, by gauging what information users had at their disposal before 

engaging with the system. This then was linked to how that information informed their trust stances 

towards the system. For the Living Labs instrument, this discussion was combined with the first interview 

topic, where interviewees were given information on the algorithm’s process and information on its 

(technically competent) developers. 

The third question, relating to the operational context of child welfare services: 
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How are users, in absence of direct feedback loops, able to assess technical performance of risk assessment 

instruments? 

Section 3.3.4 argued that the context of usage of both systems would imply that assessment of technical 

competence is severely obstructed, as users have no factual material to compare system output with to 

objectively score its performance. Here, the aim of the interview topic of assessing system performance 

was to uncover how the operational context provided users with alternative ways to assess system 

performance and how other situational trust factors facilitated trust in and reliance on the LIJ. 

Furthermore, the implied chronology of layers of trust as defined by Hoff & Bashir (2015) suggest that 

situational trust factors are a good indicator of a priori trust towards new systems, which was noted to be 

highly relevant for any potential implementation of risk assessment instruments within the civil domain of 

the RvdK.  

How does affective stance inform a user’s trust in the risk assessment instrument LIJ and what does this 

imply for the effect of affective stance on trust in prospective algorithmic instruments like the Living Labs 

instrument? 

Finally, chapter 3 strongly linked affective attitudes to trust and noted the significant influence of the 

affective trust process, following Lee & See’s (2004) framework of trust in automation, on overall trust and 

reliance decisions. Although no specific link was found to theorize the relation between either 

technological- or situational specific characteristics on affective attitude and resulting impact on the 

dynamics of trust, it would be naïve to assume for such link to not exist. The fourth interview topic, then, 

was to uncover affective attitudes towards both the LIJ and Living Labs and, as far as the data would allow, 

to link these attitudes to both their origins and their effects on trust. To preserve spontaneity of responses, 

this goal wasn’t explicitly a topic of discussion for the interviews, rather a continuous point of focus during 

the interview, covering all other interview topics. 

4.2 Research design 
As noted, this study employed a qualitative design. To address research question, qualitative interviews 

with a sample of Rvdk employees experienced with conducting investigations in both the criminal and civil 

domain were conducted. In these interviews, participants were asked a multitude of questions relating to 

the in the previous section identified interview topics. The following section discusses how the topic and 

the goals of this research informed both the philosophical paradigm and following from it the 

methodological approach.  

4.2.1 Philosophical paradigm 
The topic of this research along with the method chosen carries some implications for the philosophical 

paradigm. As has been noted in Chapter 3, trust is an elusive concept and often do those in a trust 

relationship, either interpersonal or with a technology, not fully understand how that relationship has 
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developed and how a complex interaction with environmental factors has influenced said development. 

Participants in interviews cannot reasonably be expected to be able to relay their experiences and its 

position relative to environmental context in an objective manner. Different participants might even 

understand their own experiences to a varying extent, making deducing reality an interpretative affair. The 

sought-after insights into the trust relation between user and risk assessment technology are more likely 

to be reached through interaction between the interviewee and the interviewer. Here, the interviewer can 

directly reflect on views and experiences expressed as they are discussed and attach expressions to the 

development of theory.  

This research, therefore, adhered to the constructivist philosophical paradigm, holding that meaning is a 

result of deep reflection. For this research it meant that understanding and interpretation of the qualitative 

interview data was a result of the researcher’s reflection on the theory as discussed in previous chapters.  

Research-subject interaction is one of the defining characteristics of research adhering to the constructivist 

philosophical paradigm (Ponterotto, 2005). As noted, the experiences as expressed by participants should 

not be seen as the only possible interpretation of these. , Especially on the topic of trust, recollected 

experiences are inherently subjective due to meaning that has been attached to it by the holder (Sciarra, 

1999). This should be apparent when trying to capture affective attitudes and reaction to technology as is 

the case for this research. This necessitated clear argumentation for a certain interpretation of such 

subjective data where present in this research.  

Naturally, adherence to the constructivist philosophical paradigm informs both the ontological and 

epistemological stance of the researcher. This research did not aim to establish empirical evidence of the 

relation of certain factors on the development of trust in risk assessment. The aim was to theorize possible 

relations between the establishment of trust and certain technological and situational factors, which future 

research could build upon to establish empirical evidence. Therefore, a conceptual relativist ontological 

position was held, holding implications not only for the manner in which interviews were conducted, but 

also how final transcriptions were analyzed and how insights relating to the research question were 

deduced (Ponterotto, 2005). This meant that the theorizing of the relations between identified factors and 

the development of trust was not limited to a single avenue of thought. Multiple possible relations between 

trust and these factors could be theorized based on varying interpretation of the analysis of the data.  

Due to the research method chosen and the possible influence of the interaction between interviewer and 

interviewee on the data and its analysis, it is important to consider the epistemological position of the 

researcher. As this research intends to unearth personal experiences of the interviewees and also focus on 

affective stances of these interviewees towards a technology, a transactional and subjectivist stance needs 

to be taken to be able to obtain information from interviewees representing as close as possible their true 

experiences with and stances and views on the technology(Ponterotto, 2005). An affective stance of 

interviewees towards the researcher poses the risk of contaminating the data with bias, but this risk did 
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not outweigh the likely possibility of not obtaining the entirety of information that represents the 

experienced reality of the interviewees. 

4.2.2 Methodological approach 
Research into trust in automation technology, especially that discusses the relation between specific 

factors with trust, often relies on quantitative approaches (Schaefer, Chen, Szalma, & Hancock, 2016). 

Qualitative research in this field also often relies on the conducting of experiments and observationalist 

research (Hancock, et al., 2011), making the approach of this study rather unusual. The considerations 

made resulting in this choice are largely of practical nature. First, the process of risk assessment in the 

context of investigations as conducted by RvdK employees is rather time consuming. Redesigning this 

process to be simulated within an experiment was also impractical due to its complexity and showing large 

differences per case. As the algorithmic tool developed by the NFI is in its current state not operational, 

simulating its use was unfortunately also unattainable. Apart from these limiting factors, the choice for this 

research design was in part also due to the sheer novelty of this topic within the research context of social 

services. While research into trust in automation technology thoroughly covers decision selection 

automation, information analysis automation, a category risk assessment tools would be attributed to, is 

rather underserved (Hoff & Bashir, 2015). 

Combined with the context of this research, child welfare services within the Netherlands and risk 

assessment within criminal and civil domains, it seemed appropriate to take an exploratory approach to 

this research. The main goal was to explore how existing theories on trust in general automation 

technology are applicable and transferrable to trust in risk assessment tools and more specifically 

algorithmic risk assessment within child welfare services. To do so, a grounded theory approach was 

deemed to be most appropriate, as the aim of conducting the interviews was to deduce data was able to 

inform the gaps in theory as identified in Chapter 3 and theorize the transferability of theory on the 

dynamics of trust in general automation technology to trust in risk assessment. Rather than seeking out 

evidence to confirm a developed theory, following a logico-deductive approach, grounded theory allows 

for data analysis that not only confirms developed theory but also develop the theory further based on its 

findings (Dey, 1999).  

In the absence of empirical evidence-based research, it is this reflexivity between the data analysis and 

theory development that guided this research. The grounded theory approach allows for an open-ended 

approach towards qualitative research, where initial data is analyzed to distill theory and epistemological 

basis for further qualitative research and analysis of previous data through a different epistemological lens. 

For this research, the grounded theory approach led to using established theory on trust in general 

automation technology and a discussion of algorithmic risk assessment tools and how technology- and 

situation-specific characteristics might influence the trust relationship between such a tool and its user as 

a guidance for information-seeking during the qualitative interviews. 
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While the discussion of existing literature prior to conducting research is controversial amongst some of 

the founding fathers of the grounded theory method (Glaser, 1998), the choice to conduct a somewhat 

extensive assessment of literature in this thesis was made for several reasons. Firstly, due to the 

researcher’s unfamiliarity both with epistemology of trust and trust in automation technology, as well as 

the context of child welfare services, it seemed rather irresponsible to conduct (part of) the research 

without knowledge on the primary elements of this research. Secondly, the aim of this research was not to 

develop wholly new theory, rather to develop theory on the applicability and transferability of existing 

(empirical) evidence on trust in automation technology on trust in (algorithmic) risk assessment. This 

implies in-depth knowledge on the former is necessary to develop theory on the latter. 

To explore the feasibility of gathering relevant data from the qualitative interviews to reflect on the 

established theoretical base, 2 lightly structured interviews were conducted with two RvdK investigators, 

where the topics as identified in section 4.1.1 were discussed. The intention of these interviews was to 

gauge initial response to the identified topics and determine how and to what extent interviewees 

understood and responded to questions regarding more technical aspects of the risk assessment tools 

central in these interviews, such as the algorithmic methods and calculations made by both the LIJ and the 

Living Labs tool. They also served to show how cues, either explicit or implicit, would manifest themselves 

during conversations with the interviewees. 

Insights from these conversations helped refine the proposed interview procedure and structure, leading 

to the final interview procedure as proposes in section 4.4. The grounded theory approach allowed for the 

direction chosen for the interviews and the focus of analysis of the resulting data to be informed by the 

insights resulting from these preliminary interviews. More generally, the use of this approach also resulted 

in the direction of the qualitative interviews to partly be led by the interviewees themselves, as they were 

not meant to conform to or fall in line with hypotheses or established theory. This meant that the interview 

procedure allowed for diverging from the established structure, leaving the freedom to the interviewer, 

together with the interviewee to discuss topics outside those identified in section 4.1.  

All interviews were recorded and transcribed verbatim to retain all information from the interviews into 

the data. For the data analysis, various coding techniques were considered based on their relevance to the 

chosen methodological approach of the research as well as the identified discussion topics. This resulted 

in the selection of three distinct coding techniques, as the use of multiple coding methods on the same 

data is not uncommon in qualitative research (Saldana, 2013). A discussion of the coding methods chosen 

and their presumed value to this research will shortly be discussed in section 4.5 

4.3 Participants 
Considering the goal of this research, it was deemed critical for participants to possess knowledge on both 

the Landelijk Instrumentarium Jeugdstrafrechtketen and the civil and criminal domains the RvdK serves. 



 

45 
 

Generally, Rvdk investigators specialize in either one of these domains but have some experience in both, 

some even working within both domains simultaneously. Apart from experience with the LIJ risk 

assessment instrument and case-specific knowledge of the domains, no other selection criteria were 

needed. Selection based on number of years of experience, either with the risk assessment system or 

within the domains, or on demographic data, was deemed undesirable, as a heterogeneous group of 

participants will likely lead to a multitude of insights and a more thorough base for grounded theory 

(Robinson, 2014). 

While there are other professionals within other organizations such as the national police corps or youth 

probation that have experience with the LIJ, these professionals do not have the same expertise in the civil 

domain of child welfare. Nor are these professionals similarly positioned in the use of the LIJ tool, where 

they both interact with the automatically generated and opaque pre-select instrument, as well as the 

extensive risk factor analysis of instrument 2A. Combined with contractual disclosure limitations and 

confidentiality of the work within the RvdK and these other organizations, the choice was made to only 

consider RvdK investigators for participation in this research.  

Theoretical sampling is a sampling method often associated with grounded theory research (Mason, 2002). 

This sampling method explicitly aims to collect data from a heterogeneous sampling and iteratively samples 

based on preliminary findings from analysis of initial data (Strauss, 1987). These new participants, then, 

are samples to build a more heterogeneous population or provide possible counter-narrative to existing 

participants (Strauss, 1987). This could take the form of cell sampling, where later iterations are purposively 

sampled to fill certain categories based on emerging categorizations from initial data analysis (Robinson, 

2014).   

For the scope of this research, such iterative sampling was not performed for reasons both practical and 

purposeful. Taking such an iterative approach to sampling would have had considerable implications for 

the timeframe in which such research could have been conducted, considering the time data analysis would 

have taken and multiple planning phases and lead-times to conducting interviews needed for this 

approach. Furthermore, the population from which was sampled is relatively homogeneous, as 

investigators of the RvdK share similar professional backgrounds and experiences, educational 

backgrounds, are predominantly female and share pedagogic and pathological epistemes which emerge 

from their educational and professional backgrounds. As such, it was unlikely for purposeful sampling 

based on emerging theories from initial analysis to be feasible or useful.  

For the interviews, then, simple criterion sampling was used to select participants, where participants 

needed to meet a small set of predetermined criteria. These criteria were considerable experience working 

with the LIJ, familiarity with LIJ instruments 1 and 2A and familiarity with conducting investigations within 

both criminal and civil domains as well as familiarity with sexual abuse issues. Participants were recruited 
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by active encouragement to partake in research on the LIJ and future innovations within the RvdK through 

a blog-post on the RvdK’s intranet. Furthermore, a random subset of RvdK employees were asked to 

participate by email and asked to also refer colleagues meeting the participation criteria. This resulted in 

snowball sampling to occur.  

The criteria set for participation strongly affected the population size from which could be sampled. While 

the RvdK employs several hundred investigators throughout the Netherlands, split over a total of 16 

locations, many of these investigators specialize in one specific field. Less than half of all investigators 

therefore currently works or has frequently worked with the LIJ. A smaller subset of this group also has the 

required experience with investigations within the civil domain. Considering also the relative homogeneity 

of the population, a minimum goal of 10 participants was set with the aim to interview more than 12 RvdK 

investigators. Over the course of 2 months, 12 participants were interviewed for this research and this was 

considered to be in the upper echelons of what was feasible. Increased supervision of MinJenV and the on 

the RvdK due to high waiting lists for investigations also meant that there was less interest among 

employees in partaking in non-essential work such as this research.  

It needs to be noted, that the call to participate in this research was in part made on a somewhat misleading 

premise. As the research was conducted from the RvdK’s innovation team, and was announced as such, 

this could have had an effect on the participants drawn to the invitation to participate. The possible effect 

this could have had on the validity of the results will be further discussed in section 4.6. 

4.4 Interview procedure 
Based on the interview topics as identified in section 4.1.1, the chosen research method and the initial 

exploratory interviews held with two RvdK investigators, an interview procedure was created to conduct 

the necessary interviews with other RvdK investigators, experienced with the LIJ risk assessment 

instrument and investigations in both the civil and criminal domains. The aim was to keep the total length 

of a single interview just under one hour, as longer would place an unreasonable strain on the participants’ 

schedule, in light of increased workload among RvdK investigators at the time of this research. Interviews 

were conducted at the primary office location of the participants, with the cities of Den Bosch, Eindhoven, 

Haarlem, Rotterdam and Zwolle visited for this research. 

A few choices were made that strongly influenced the structure of the interviews. The first related to the 

investigation of affective attitudes towards risk assessment tools. Affective attitudes are spontaneous 

reactions and to effectively capture such reactions in an interview is to discuss or evoke them early during 

the interview, as an interviewee is more likely to respond in a spontaneous, unpremeditated way, 

unaffected by earlier questions or discussions. This motivated the choice to put questions regarding the 

Living Labs algorithm in the first section of the interview.  
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For the discussion of the effect of opacity stemming from the so-called curse of dimensionality, along with 

the effect of proxies for trust in the absence of judgement on technical competence, some degree of 

subject manipulation was deemed to be required. All relevant information on the Living Labs instrument, 

from the development process to the employed algorithmic method, was divided into two categories, 

resulting in two different texts, bundles of information: one relating to the process of the system, 

supposedly triggering the analytical trust process, the second on the development process and developers, 

aimed to facilitate the forming of analogical judgements of the system.  

These texts were presented early on in the interviews to the participants as two different algorithms, 

presenting the ability for the interviewees to express preference for on or the other, resulting in a 

discussion of their different characteristics and how those characteristics informed their decision. Both 

texts were verified for understandability both within the RvdK Innovation team as well as during the initial 

exploratory interviews. Appendix IV shows both texts as presented to the interviewees in Dutch, along with 

a translation. Although none of the sets of information included any falsehoods, as they both represented 

in part the actual Living Labs instrument, the way they were presented does represent a form of subject 

manipulation.  

This necessitated the need for a post-participation debrief to be sent to the participants, wherein was 

explained what the manipulation entailed, why it was deemed necessary for this research and to give a 

short summary from where the information was retrieved and how it reflected the reality regarding the 

development and functioning of the Living Labs algorithm. Similar to the information provision 

manipulation, the participants were not told the precise goals of this research, instead only being informed 

on the general topics of the interviews, user experience with the LIJ, and that is was being conducted from 

within the RvdK Innovation team. If participants were informed of the true research goals, it was likely to 

have influenced their answering and line of arguing, possibly making their answers less candid. This a priori 

selective informing of the participants was also included in the post-participation debrief. 

Appendix III shows the full interview procedure as followed during the interviews. The questions adopted 

in this procedure are explicitly linked to the topics from 4.1.1, which shows the order in which the topics 

were discussed. This was important for the later analysis of the data, as different coding techniques, which 

will be discussed in the next section, were chosen based on the information that was expected to be 

present within distinct parts of the interviews. As has been noted before, the interview set-up allowed for 

deviating from the established structure. In practice, this meant that the course of the interview was 

sometimes led by the interviewee and questions not adopted within the interview procedure were asked 

as was deemed relevant to investigate the topics of this research. 
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4.5 Data processing 
All interviews were recorded with explicit consent of the interviewees. As this research pertained the 

exploration of values, attitudes, experiences and beliefs of the participants, it was critical to use the 

verbatim transcription technique (Halcomb & Davidson, 2006). This transcription technique allows for a 

more thorough analysis and a richer coding process (Halcomb & Davidson, 2006), of importance to this 

research as the aim was to partly develop new theory from the analysis of the qualitative data. 

Transcriptions of the interview were shared with the interviewee for verification and possible corrections 

based on their assessment of the transcripts where necessary.  

Through reflecting on the main research question as well as the identified areas of specific interest based 

on the literature review, various coding methods were considered. Grounded theory research often 

employs multiple coding methods during the data analysis (Saldana, 2013). As noted in sections 4.2.2 and 

4.4, the interview procedure allowed for the possibility to deviate from the established discussion topics 

and explore different topics, beliefs or phenomena as necessary. This was done to remain open to new 

directions of theory development not previously devised or hypothesized. The data analysis, therefore, 

should reflect this chosen approach, represented by appropriate coding techniques. 

An oft-used coding method for grounded theory research is Initial coding (Corbin & Strauss, 2008). This 

coding method was a useful starting point for the analysis of the transcriptions, as it allowed for an open-

minded view on the data and to follow all directions of theory present within the data (Charmaz, 2006). 

Generally, Initial coding allows a researcher to roughly break up and categorize its qualitative data by 

following the guidelines of a more specific coding method (Saldana, 2013). An earlier name for the same 

coding technique, Open coding, more clearly emphasizes the researcher’s implied openness to all 

categories of information arising from the qualitative data (Saldana, 2013). Other coding methods chosen 

to be used in parallel with Initial coding, then, inform what type of information is to be searched for within 

the data. 

For this specific research, this meant simultaneously employing Process coding during the first coding cycle, 

which was chosen as it reflects the epistemological nature of the main research question. Process coding 

is eminently suited to analyze ongoing interaction between the subject and a third party or its environment 

(Corbin & Strauss, 2008), and is also often used to research psychological concepts such as trust, which 

aligned it with this research (Willig, 2008). This coding technique was deemed to be particularly useful in 

the characterization of data on information relating to the interaction with the LIJ and related insights into 

factors influencing trust within the Dynamic learned category.  

The use of Process coding resulted in a type of bookmarking of the data indicating the discussion of 

interaction with risk assessment tools, essentially flagging the critical sections for the subsequent theory 

development on the evolution of the trust relation between a user and a tool. This facilitated the direct 
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comparison of this information between interviewees, enabling the extraction of information on 

commonalities between the participants and their experiences and theorizing the influence of system 

interaction on the development of trust in the risk assessment tool.  

As this represents only part of the research goals, other coding methods were employed in further analysis. 

For the assessment of affective attitudes of users, Evaluation and Values coding were used in parallel. As 

was assumed that interviewees likely would be unable or unwilling to objectively or directly discuss their 

affective attitudes towards either the LIJ or the Living Labs tool, other affective coding methods such as 

Emotion coding, didn’t seem feasible, as this method explicitly focusses on direct expressions of emotions 

within the data. Affective attitudes were likely to manifest itself in more subtle wording and Evaluation 

coding was well suited to assess the beliefs held by the interviewees on the use of the LIJ within the RvdK 

and relating those beliefs to situational context, laying bare the influence of such situational factors on 

trust in the tool. Such, for example, took the form of information relating the performance of the tool to 

its environment and for the discussion of the Living Labs tool to the identification of information on the 

potential value and successfulness of the tool within the civil domain of RvdK investigations. 

The latter more strongly arose through the employment of Values coding. Values coding aims to identify 

within qualitative data all that relates to an individual’s attitudes, beliefs and values, the individual’s 

worldview, towards another or something (Saldana, 2013). As the discussion on the hypothetical 

implementation of the Living Labs tool is exactly that, hypothetical, this approach helped to derive from 

the data the interviewees’ beliefs relating to the potential applicability of such a system within the civil 

domain and more generally their attitude towards the application of such a novel technology within the 

domain of child welfare services. It also enabled the analysis of the interviewee information manipulation 

as stipulated in section 4.4.  

While these coding techniques don’t necessarily intuitively complement each other, the multitude and 

heterogeneity of research topics identified meant that such an unlikely combination of techniques was 

deemed necessary. The Initial coding method employed in the first coding cycle allowed for the extraction 

from the transcripts the categories of interest and relevant codes to be used, in part guided also by the 

chosen, more specific, coding methods. The grounded theory approach then resulted in the structural 

comparison of codes emerging from the separate transcripts and flagged sections within these transcripts 

and resulted in the classification of information according to the four identified topics, or a new category 

is this was deemed necessary to be discussed separately. The discussion of similarities and differences of 

information and expressions as given by the interviewees, then, is presented in Chapter 5, where this is 

directly linked back to the theory discussions of Chapters 2 and 3. 
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4.6 Validity 
While the methodological approach and methods of data collection and analysis of this research were 

chosen based on their relevance and suitability to the research goal, they also carry implications to the 

validity of this research that need to be discussed. While generally grounded theory research is of 

exploratory nature, in that it doesn’t necessarily tries to adhere to established theories or strict hypothesis, 

it is less rigorous in constraining the free interpretability of and meaning giving to the data by the 

researcher. Furthermore, the novelty of the topic of trust in risk assessment tools, along with the novelty 

of this topic within this specific environment of child welfare services meant that there were limited 

possibilities for verification of results. To ensure the credibility of this research, various actions were 

undertaken. 

The RvdK Innovation team served as an important source of information regarding the LIJ system and 

general perception of the system by its users, as well as common griefs of the system held by RvdK 

investigators. This helped in preparation for the interviews, as it meant that answers from interviewees 

could be more easily be interpreted and categorized, and it also allowed for more thorough questioning on 

certain topics as answers generally wouldn’t be able to catch the researcher by surprise. Furthermore, the 

interview procedure and structure was designed based on input gathered through initial, lightly structured 

interviews. During these interviews, the understandability and feasibility of the line of questioning to the 

interviewee, as well as the understandability of the explanations on the Living Labs algorithm were verified 

and this resulted in altered, more elaborate explanations to better suit the target group, along with slightly 

adjusted questions to get the sought-after response regarding personal experiences with the systems.  

As the pool of eligible participants wasn’t particularly large and represented a fairly homogenous group, 

measures were taken to, as far as possible, assure a more heterogeneous subset of participants. As noted, 

a total of five RvdK locations were visited to conduct interviews. As locations operate as independent 

teams, different locations represent a different collection of beliefs and experiences, as these generally do 

not transfer between locations. During the recruiting process, attention was paid to the heterogeneity of 

the participants. Participants’ experience as RvdK investigators and as such with the LIJ system ranged from 

3 months to 6 years. Both these measures should positively affect generalizability of results due to the 

participants and experiences tapped being a more representative sub selection of the population. 

Having noted this, the highly specific context of this research and still large similarities in professional 

background, education and beliefs held by the participants are still expected to have strong implications 

on the transferability of results. To account for this, a rich context description, linking participants’ answers 

and insights gained to context of their experiences was given within Chapter 5 presenting the research 

results.  
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5 Results  
This chapter will discuss the findings gained through the analysis of the conducted qualitative 

interviews in accordance with the process put forth in Chapter 4. The first two sections of this chapter 

will discuss the process of data collection and data analysis respectively, also making note of any 

factors present during these processes that might affect the validity of the findings. The subsequent 

sections will then discuss the findings of the analysis, broken up into distinct parts based in part on 

the interview topics as identified in section 4.1.1 and in part on the dominant topics and findings that 

arose from the data. The discussion of these findings will focus on insights gained relevant for the 

identified gaps in existing theory and the answering of the questions defined in Chapter 3 relating to 

the applicability and transferability of existing theory. More specifically, it will focus on trust in risk 

assessment tools as applied in the context of child welfare services and how the possible shift towards 

algorithmic tools might affect the dynamics of the trust relation of users and such systems. In doing 

so, the final section of this chapter will summarize these results and answer the research question put 

forth in Chapter 1. 

5.1 Data collection  
A total of 12 interviews were conducted over a period of roughly 2 months. The interviews were 

conducted with 12 different participants from 5 different locations of the RvdK throughout the 

Netherlands. The interviews varied in length from 40 to 70 minutes. Of the participants, 4 were male 

and 8 were female, which represents a slight skew towards male participants as measured against the 

total population of RvdK employees. The youngest participant was aged 27, the oldest 58. There was 

a considerable difference in experience working in the social services sector, as an RvdK investigator, 

working in the criminal domain and working in the civil domain. The least experienced interviewee 

joined the organization only 3 months prior to the interview, having conducted 10 criminal 

investigations and similarly little experience in the civil domain. The most experienced interviewees, 

which represented the majority of participants, had worked for over 2 years for the RvdK, with 

extensive experience in both the criminal and civil domain. Overall, all participants met the baseline 

of required experience for participation. 

Participants were recruited through a blog post on the RvdK’s employee forum and through direct 

mailing and referrals of other participants. Prior to participation, interviewees were to a limited extent 

informed on the goals of the research and the topic of the interview. The purported goal was to 

uncover usage and user experience of the LIJ risk assessment instrument to inform future instrument 

development. The goal of the interview was left intentionally vague to prevent predilection of 



 

52 
 

participants and to preserve spontaneity of answers regarding affective attitudes and the Living Labs 

instrument. 

The interviews followed a semi-structured procedure, with the formal procedure to be discussed in 

section 4.4 and which can be found in Appendix III serving mostly as a guidance rather than a strict 

checklist of questions. As such, interviewees were given the freedom to share more personal 

experiences and views on their work and interactions with the LIJ. Questions were generally open 

ended, where closed questions were asked, they were followed up by a probe for further explanation 

to seek out the why or how of their answers. Only in the discussion of the different types of algorithms 

as part of the Living Labs interview topic were interviewees asked to voice a preference based on the 

information that was provided to them. This was done in order to uncover their affective and trust 

stances surpassing the hesitance and ambiguity in answering that arose universally. 

5.2 Data analysis 
All interviews, which were recorded on a mobile device, were transcribed verbatim using the online 

tool oTranscribe. Transcripts were then transferred to Saturate, an online coding tool, where they 

were coded through an iterative approach. The coding process consisted of multiple rounds of coding 

as discussed in section 4.5. The first round of coding mainly aimed to gain a feel for the data, identifying 

data on the interview topics of Section 4.1.1 and drawing a connection between the data and the 

theory of Chapters 2 and 3 by using Hoff & Bashir’s (2015) factors influencing trust as coding labels. 

These initial codes relating to interview topics were: Analogical reasoning, Analytical reasoning, 

Attitudes/Beliefs, Opacity and Situational characteristics. The initial codes relating to trust factors 

were: Ease-of-use, Level of control, Perceived benefits/risks, Performance, Understanding and 

Usefulness. Only three other initial codes were used that didn’t conform to either category, but were 

deemed important nonetheless: Organization, PreSelect and Training. 

Subsequent coding then focused on ascribing more meaning to the initial codes and coding down to 

the sentence level where in the initial round codes were often applied to larger parts of data such as 

paragraphs. This was done by applying sub-codes to the initial codes stated above. The process of 

interpreting the original data and ascribing codes wasn’t entirely straight forward, as it was at times 

hard to strike an effective balance between retaining the original meaning of the data and connecting 

the data with the theory and the research goal. In some instances, interviewees had given very broadly 

interpretable answers. Questions relating to an interviewee’s personal experience with the LIJ often 

led to a factual summation of actions and interactions or an extensive discussion on the system 

interaction with the LIJ. As such, data was at times also coded based on present subtext, i.e. “I don’t 

know why it is set up like that” (12) was interpreted as a negative stance relating to system complexity. 
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The aim of subsequent coding was to effectively summarize the original content of the data, striking 

a balance between richness of the original data and ease of interpretation for further analysis. To this 

effort, In Vivo coding was used in conjunction with the coding methods as put forth in Section 4.5. This 

process led to a lengthy set of unique codes, which while representing unique pieces of data, didn’t 

represent unique pieces of information in all cases. To better facilitate further analysis of the data, the 

codes were restructured, where individual coding labels were reduced from full In Vivo codes trying 

to capture the entirety of the underlying data to simpler, shorter labels that represented the 

information present within the pieces of data. This made the total list of codes shorter and better 

suited to search through and made it possible to combine multiple pieces of data under the same code 

label to facilitate comparison between such data. 

Different codes such as Shows hesitance towards algorithms and Shows hesitance to believe 

algorithms were, for instance, consolidated under the label Shows hesitance towards LL. While 

remaining truthful to the original data, such similar pieces of information were rearranged under a 

different moniker to make the distilling of insights on affective stances easier. This relabeling also led 

to the rearranging of categories and sub-categories that more strongly focused on the different areas 

of interest of the research and the emerging themes present within the data. The resulting code tree, 

wherein category membership of coding labels was assigned, can be found in table 2. The final set of 

merged labels can be found in Appendix V.  

Interview topics  Attitudes/Beliefs General technology 
Child welfare sector 
General risk assessment 
Specific risk assessment 

Trust processes Analogical reasoning 
Analytical reasoning 
Preference 

Opacity Type (source) 
Beliefs 
Effects 

PreSelect Performance 
Understanding 
Usefulness 

Situational characteristics Framing of task 
Task complexity 

Trust factors  Ease-of-use 

Level of control 

Perceived benefits/risks 

Performance Assessing performance Initial 

Dynamic 

 Dealing with deviant performance 

 Understanding 

Usefulness 
Table 2 - Categorization of coding labels 



 

54 
 

As can be seen, the initial codes found different positions in the final categorization, while others were 

fleshed out by identifying distinct categories within the initial codes. Others, like Organization and Training 

found new homes within Attitudes/Beliefs and Performance as sub-categories. While PreSelect was 

included in the interviews as it was thought to be a source of information on the effects of opacity, during 

analysis it made more sense to treat it as a separate topic that could inform theorizing not only relating to 

opacity, but trust processes as well. A small number of codes was not assigned to a category as either they 

were on second encounter deemed not of direct relevance to the analysis or were deemed too specific and 

split into multiple codes, linking the original data to the code categorization. 

The categorization of the data also served as an opportunity to structurally assess the frequency of certain 

codes, the relation of codes to other codes present in their vicinity and the similarities and contrasts in 

expressed opinions and experiences present in the data. The quantification of codes was not necessarily 

deemed an important tool for analysis. The quantity of certain codes was at times an indication of generally 

held beliefs or the signal of a trend, but to be able to draw conclusions of such results, a more in-depth 

look at the original data was needed. Especially for grounded theory research is it important to be able to 

weigh individual pieces of data and their relative importance, as little occurring data from the interviews 

might be more valuable in deriving insights than by a simplistic view on quantities. 

What proved most useful and valuable was purposefully connecting and relating codes relating to the 

interview topics with codes relating to the trust factors. In doing so, an understanding was gained on the 

relation between the gaps in theory as discussed in Chapter 3 and represented by the interview topics with 

the established knowledge on the dynamics of trust.  As the main goal of this research was to investigate 

the applicability and transferability of this established theory to the specific context of risk assessment use 

in child welfare, this approach to the analysis seemed most appropriate. Naturally, codes indicating 

Attitudes/Beliefs were inseparably intertwined throughout the data with other codes, but similar 

connections were present in between categories as well. 

In structuring the data by applying initial codes and further sub-codes, pools of data were created where 

all pieces of data in the form of sentences or paragraphs from transcripts relating to a specific topic were 

brought together. These distinct pools served as places of analysis for the codes representing topics or 

relation to discussed theory to snippets of qualitative data. By looking at the different coding labels present 

within a certain category, initial insights arose from the data. In example, from the coding labels it became 

clear that users seemed to have a particular method of dealing with deviant performance from the LIJ 

instrument. Individual pieces of data could then be viewed to give meaning and context to the insights as 

represented by the coding labels to present in the final results.By linking such coding and reflecting back 

on the original data in which they appeared insights started to center around several themes: the analogical 

and analytical trust processes, the influence of opacity and situational characteristics. These three themes 

were expanded upon by explicit searches within the data to support initial insights from the analysis or 



 

55 
 

contrast it by putting forth divergent data.. The results will be discussed in the following sections but 

shouldn’t be viewed in isolation and will therefore at times be explicitly linked to one another. Finally, a 

fourth theme of results will be put forth in a separate section, presenting a category of results that was 

only identified during the analysis of the data. This theme will explicitly refer to the shifting of 

epistemological paradigm as discussed in Section 2.2 and draw a relation between this theoretical 

perspective and the results from its preceding sections.   

5.3 Processes of trust 
Section 3.2.1 introduced the three so-called processes of trust, cognitive processes through which 

information on an automation is assimilated, both consciously and subconsciously, to base a trust decision 

upon. These processes were argued to provide insight into the processing of information provided to users 

of an automation both a priori and during usage and help understand the relation of empirical trust factors 

and the level of trust of a user in an automation system. As such, understanding how these processes 

manifest themselves in practice forms an essential part of uncovering what factors influence trust in 

current and future risk assessment tools within child welfare services.  

A later section, 3.3.3, then argued that opacity was a likely technology-specific characteristic to influence 

the dynamic processing of information on an automation along the lines of Lee & See’s (2004) identified 

trust processes. Opacity, specifically relating to absent ability for the user to assimilate information on an 

automation’s process and performance, would obstruct an individual’s analytical trust process as it inhibits 

the building of mental models that would normally allow users to assess the performance of a system in 

relation to its designed intent and its environment. To counteract such lack of understanding, the 

developers of the Living Labs instrument employed an interpretable algorithmic method, which they would 

argue makes the instrument more transparent. This same section, however, noted some doubts about the 

effectiveness of using such interpretable methods for facilitating the analytical trust process.  

The goal of the qualitative interviews relating to the processes of trust, then, was twofold. The first goal 

was to investigate if, in case of absence of information on an automation’s process due to opacity, the 

analogical trust process could be positioned as an effective substitute, negating the loss of any analytical-

based trust. Such insights would enable the answering of the question put forth in Chapter 3 relating to 

the effect of trust proxies in situations where there is a lack of direct information on the competence of an 

automated system, be it through opacity or otherwise. 

The second goal was to research the effect of information provision on an automation’s process in the case 

of an interpretable algorithmic method such as was used for the Living Labs instrument on the 

establishment of trust along the analytical trust process. In doing so, the assumption that interpretable 

algorithmic methods are by default not opaque could be challenged and insights resulting from this 

discussion could later serve to answer a different question posed in Chapter 3 relating to the three 
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identified sources of opacity and their impact on the dynamics of trust. To this goal, interviewees were 

provided with two texts, which can be found in Appendix IV. These texts were said to be representing 

different algorithms developed as part of the initiative Living Labs, that aimed to spur either the analogical- 

or analytical process of trust.  

Both Analogical reasoning and Analytical reasoning were used as codes during the initial coding of the data 

to specifically identify data relating to the research goal within this section. Subsequent coding under these 

monikers aimed at effectively summarizing the traces of the processes of trust at work within the data, for 

which In Vivo coding was the most appropriate. Within both groups of codes, this resulted in a lengthy list 

of unique codes, of which some were merged later on during the structuring of the coding data. The 

resulting final codes on Trust processes can be seen in the table below. This served as the basis from which 

the following sub-sections of results were drawn up.   

Trust processes Analogical reasoning Amount of data relates to quality 
Amount of money spent relates to quality 
Comparing LL to LIJ (makes LL understandable) 
Experience of developers relates to quality 
History of bad data quality indicates quality 
‘Machine Learning’ indicates quality 
Multitude of developers involved relates to quality 
Organizational ‘checks’ relate to quality 
‘Scientific validation’ relates to quality 

Analytical reasoning Exploratory behavior leads to understanding 
Process of B too complex to understand 
Questioning data reliability 
Questioning performance 
Questioning relation of input to intent of system 
Seeks/requires more information on process 
Tracing back (deviant) output to input 
Value of individual characteristics of process 

Table 3 - Final coding list for Trust processes 

Participants were asked what information they took away from both texts, what pieces of information 

meant to them and to gauge to what extent the information allowed the interviewees to judge the 

algorithms on technical competence, being asked to pick one out of the two that they thought would be 

able to tackle the task of assessing risk of sexual abuse within investigations. While the understandability 

of these texts was tested beforehand, during the interviews it occurred multiple times that additional 

explanation was necessary to continue the discussion of the texts thereafter. These explanations mainly 

centered around the term machine learning from text A, which was unfamiliar to 2 of the interviewees, 

with one additional interviewee asking for more explanation on what it meant for the process of the 

system.  

While the term machine learning in itself doesn’t implicate any specific algorithmic method, the intention 

was to stay somewhat vague on the process, telling the interviewees that machine learning meant that the 
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computer was let loose on the data to derive a process for calculating risk that wasn’t necessarily 

interpretable for a human, due to the machines cognitive process being fundamentally different from that 

of a person. In doing so, no clues were given on the actual process of the system, maintaining exclusively 

information relating to the analogical process of trust. While some interviewees expressed their confusion 

surrounding text B, this didn’t require additional explanation, as this confusion was inherent to the 

information itself, not how it was presented to the interviewee and therefore considered part of the 

insights derived from the discussion. 

5.3.1 Analogical process 
As noted, one of the texts provided to the interviewees aimed at providing them with information on which 

they could base analogical reasoning, allowing them to assign category membership to the instrument that 

would have allowed them to, cautiously, assess its technical competence. To gauge to which extent such 

information truly resulted in trust within the hypothetical system the text represented, interviewees were 

also asked during the interviews to express a preference for either one of the systems, which would signal 

higher trust in one over the other and additionally helped start a discussion on what the specific 

information in the texts affected their trust stance towards the different systems. 

Looking at these preference statements within the data, the vast majority of participants expressing a 

preference did so for algorithm A, which would indicate the analogical process playing a significant role in 

the establishment of initial trust. Upon closer inspection of those statements, however, most interviews 

explicitly expressed their hesitance towards both instruments: “I really think [the problem of sexual abuse] 

would be very difficult to grasp [with an algorithm]” (Interviewee 10, 2019) or more nuanced, saying: 

“When it comes to the safety of children, I think it is good that we’re trying such things, but there should 

always be a human check” (Interviewee 6, 2018), with another putting their disbelief in the context of ever 

faster technological developments: “so much is possible these days, but I have a hard time imagining [such 

an algorithm] to work” (Interviewee 3, 2018). This makes it difficult to draw strong conclusions on the 

strength of the analogical reasoning in the establishment of trust from this data. 

Nonetheless, a look at the coding list within the category of Analogical trust immediately shows the variety 

of traces of analogical reasoning present within the data. While the purpose of text A was to spur the 

analogical trust process, the data also showed such traces present within the discussion of the LIJ. Focusing 

on the analogical reasoning derived from the Living Labs text first, the text contained multiple pieces of 

information on which interviewees would base analogical reasoning upon. The main piece of information 

was the mentioning of the developers of the instrument, the NFI. Reflecting on section 3.3.3, one potential 

effect at play in the absence of a user’s ability to assess the technical competence of a system first-hand 

could be a tendency to seek validation on this competence through third parties, proxies for trust (Muir, 

1987). 



 

58 
 

While the data analysis certainly showed that the inclusion of this information had led some interviewees 

to draw conclusions, it was surprising to find that this was far less universal than perhaps expected. Surely, 

some noted that the assumed expertise of the NFI influenced their view on the technical competence of 

the instrument, noting that “[being developed by the NFI] speaks to me, they are well equipped to do such 

things” (3), others didn’t mention it or noted that knowing that the NFI developed the instrument didn’t 

mean anything to them (Interviewee 3, 2018). 

A closer look at the data showed that even within the subgroup of interviewees that ascribed value to the 

information on the instrument’s developer varying reasons for doing so could be identified. One 

interviewee stated that they expected that NFI’s experience as data scientists would result in a reliable 

instrument (3), while another noted that the NFI’s experience with forensic investigation and as a partner 

in criminal investigations of child sexual abuse cases made them well suited to develop an instrument 

specific to the detection of sexual abuse amongst children (Interviewee 6, 2018). The same piece of 

information led individual participants to form a judgement along different lines of reasoning, if at all. 

A possible explanation for this could be that the NFI, as an institution or as a developer of risk assessment 

tools, is unbeknownst to some. The meanings and values attributed to the NFI in such a role would differ 

per person, resulting in different values, or a complete lack thereof, being ascribed to one of their products. 

Someone familiar with, or trustful of, the NFI’s competence in data science could judge the system’s 

acumen based on methodological expertise, while another familiar with its experience in investigating 

sexual abuse would judge the system based on subject expertise. Analogical reasoning here allows an 

individual to appropriate information according to the value that information holds within their own 

epistemic state and then using it to form a judgement.  

Another bit of information from text A that allowed interviewees to analogically assess technical 

competence was the notion that a large amount of data, reports, were used in the system’s training. 

Several interviewees noted that this would indicate the instrument to better be able to uncover sexual 

abuse. This reasoning isn’t at all surprising, as analogical reasoning that a larger scale or sample is positively 

linked to reliability is often true, especially in scientific research and quantitative analyses. Further 

strengthening the reasoning of the previous paragraph is that this connection between data volume and 

reliability was noted mostly by interviewees that throughout the interview also ascribed much value to 

adhering to “scientific evidence”, signaling that the value they attach to data volume stems from their 

personal experience, illustrated by this interviewee: “I have a Master’s degree and have done research 

myself, and the mantra there really is: measuring is knowing” (Interviewee 7, 2019). 

While it is interesting to see how the different elements included within text A managed to convey different 

meaning to the reader, spurring the analogical process of trust to the degree these elements carried value 

or meaning for them specifically, this comes as no big surprise. It showed that initial attitudes towards such 
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an instrument are in part based on analogical reasoning, in the absence of other means of assessing it on 

technical competence, which was to be expected. Returning to the original aim of the inclusion of the texts 

within the interviews, it cannot unequivocally be stated that in the absence of assessment of technical 

competence as a result of system opacity trust proxies through analogical reasoning would serve as a 

substitute. The data showed analogical reasoning was in effect, but the general hesitance shown by all 

participants hadn’t been taken away by it. Further detracting from the substituting role of the analogical 

process is the apparent negative effect of opacity on the affective stance of users, which will be discussed 

in a separate subsection, 5.4.2. 

The analysis of traces of analogical trust among the data discussing the LIJ, however, paint a different 

picture for the role of trust proxies in the establishment of trust in the LIJ. Discussions on interviewees’ 

views on the instrument before having started working with it were often diluted with comments on 

technical faults of the instrument. Interviewees noted that there were many bugs to be solved before many 

had found the system to be usable in the period shortly after the system’s introduction. Filtering out such 

remarks, interviewees did seem to have given a more nuanced view on their reasons for either initial 

resistance to the system or their more welcoming attitude, viewing the instrument as a valuable tool in 

their work. 

What was surprising to find was that none of the interviewees, barring one which was involved in the 

deployment of the system, had told that they knew what the scientific backing of the system was, what 

data was used in its development or who was responsible for the development. Some interviewees were 

able to recollect that such information might have been presented to them during training: “I think we 

shortly discussed [the scientific evidence] behind the LIJ, but I don’t know specifically what was discussed” 

(Interviewee 3, 2018). Some others simply noted: “I can’t recall [it being discussed]. But that could also 

mean it wasn’t interesting enough” (Interviewee 12, 2019). 

How, then, had these interviewees been relatively confident of the technical competence of the system to 

be comfortable to start using it in such a central and critical way in their investigations and assessment of 

risk? A possible explanation seems to point to trust proxies. An argument that kept coming up as a reason 

for the interviewees that they were convinced of the acumen of the system relating to the assessment of 

recidivism risk was that it was based on scientific research, which 8 of the interviewees in some form 

mentioned had factored into their attitude towards the system. Being based on scientific research seemed 

to serve as something similar to a stamp of approval, reflecting its quality or reliability. This was in spite of 

all the technical difficulties nearly everyone had experienced, these troubles seemingly not putting into 

question the solidity of the system as a whole. 

Section 3.2.1 noted that due to how cognitively demanding the analytical process of trust is, it is often side-

stepped by either the analogical or affective processes. The above insights derived from the data seemed 



 

60 
 

to be signaling precisely this. Considering what an arduous task reading, let alone fully fathoming, all the 

research that has gone into the LIJ’s development would be, it was not surprising to find interviewees had 

passed on this opportunity. Another answer relating to the initial trust decision was less ambiguous and 

more insightful than the scientific validation argument: “… given how much money and time [was spent on 

developing the LIJ], I should be able to think it is well put together” (Interviewee 4, 2018). 

While seemingly different, the meaning behind this is actually similar to the scientific research reasoning. 

It is the assumption that anything that would have stood the test of development and likely scrutiny by 

both researchers in the field and a variety of oversight bodies or directors can be assumed to be competent 

for the task it was developed for. Whether this is signaled to some by having been based on scientific 

research or that mountains of money and effort had been put in developing it, the belief resulting from the 

same analogical reasoning would be similar.  

Overall, it seemed that especially during the introduction of the LIJ proxies for trust and reasoning along 

the analogical process of trust played an important role in facilitating initial trust towards the system. This 

falls very much in line with persisting understanding of the dynamics of trust as put forth in section 3.2. 

While attempting to replicate this effect onto the new prospective technology, there were signs that similar 

reasoning led to a more trusting attitude, but not overwhelmingly so. The proxies for trust present in text 

did not seem to  carry universal meaningful and therefore no universal value, making it unable to 

universally facilitate the establishment of trust. Such universal meaning did seem to be present with the 

LIJ, where especially the weight that was lent to such information stood out as remarkable and somewhat 

surprising. 

5.3.2 Analytical process 
Moving on to the second goal pertaining to the trust processes of this qualitative analysis, the discussion 

of text B in the interviews aimed to engage the analytical process of trust. The text included information in 

layperson’s terms on the input of the algorithm, the employed process on that input and what data the 

process was derived from. Such information on an automation’s process would allow participants to build 

a mental model of the process, which often serves as a way for users to assess the technical competence 

of a certain system (Lee & See, 2004). This reflects the relation between understanding of an automation 

and the level of trust put into it as also argued for by Hoff & Bashir (2015). Even though such analytical 

assessment is very cognitively demanding, it was deemed feasible for the relatively simple process 

employed by the LL instrument. 

This reasoning is also put forth as an argument for using interpretable algorithmic methods instead of more 

complex, but often-times better performing models. The findings distilled from the data, however, do not 

support this reasoning, putting into question the usefulness of using simpler methods from a user trust 

perspective. Already during conducting the interviews did it become clear that many participants had 



 

61 
 

trouble making sense of the information provided to them. This occurred despite having tested the 

understandability of the wording used before conducting the interviews. Surprisingly, some interviewees 

noted they understood algorithm A better than B: “[A] clearly explains how sexual abuse is recognized, I 

don’t have the same feeling with B to be honest” (Interviewee 11, 2019). 

Others noted that while they seemed to understand what was written, they had trouble corresponding 

that information to a process, indicating difficulty of deriving a mental model from the information. An 

answer exemplifying this finding: “… mentioning the full length of a text, I just couldn’t picture how that 

fits into all of it” (Interviewee 3, 2018), referring to the dividing of the score with total text-length to 

normalize the final output.  What this seems to indicate is that, although the method of the LL instrument 

is purported to be interpretable, there is certainly a limit to the extent to which this process is 

understandable by the interviewees. In essence, this reflects opacity due to technical illiteracy, as even 

though the process is laid out for any to assess, the terminology and language used are unfamiliar to some. 

Encountering this confusion in the discussions on algorithm B, in spite of the step-by-step explanation of 

its method of calculation was surprising. This indicates that using an interpretable algorithmic method 

doesn’t necessarily result in understanding of the algorithm. The process of algorithm B 

remaineduninterpretable to those not well-versed in technical jargon or even simplified representations 

of this information as was the case for text B. But even amongst those that did seem to understand the 

process put forth in text B did this understanding not translate into positive judgement of technical 

competence. Coding showed interviewees questioning the performance of algorithm B, which upon 

examination of the data seemed to relate to how the process was perceived.  

One interviewee stated: “I think it’s difficult, I don’t know which words [algorithm B] signals, but there are 

many that occur frequently… I really don’t know if that would work” (Interviewee 10, 2019). Another noted 

that: “I’m leaning towards algorithm B because I understand it better, but I also see the danger [in the 

method], I write things differently from my colleagues…” (Interviewee 12, 2019). There seem to be multiple 

things to unpack from these statements. Even though the transparency of algorithm B made the latter 

interviewee prefer it over A, this transparency also led to them questioning its technical competence by 

noting that calculations based on words present within a report is susceptible to be affected by different 

writing styles of different investigators. Along similar lines, the former interviewee seems to be questioning 

the relevance of words for measuring risk as there are many words that would frequently occur in various 

reports. 

Interestingly, the notion of the latter that the instrument is susceptible to external influences which would 

affect its functioning, such as writing style of the investigator, is a sign of mental model building. There 

were other signs of mental model building based on algorithm B’s process information: “Everyone writes 

their reports differently, maybe I use precisely two words that the computer didn’t learn to mark red so to 



 

62 
 

speak. That would affect its performance” (Interviewee 5, 2018). Again, the information provided on B’s 

process here seemed to allow for the reasoning put forth by the interviewee, but again, this led to a more 

negative or skeptical stance towards its technical competence.  

That this skeptical stance towards the appropriateness of the process for measuring risk was unequivocal 

was the most surprising finding here, even in light of the questionable validity of the actual model 

developed by the NFI on which the text was based as noted in Section 2.4.2. Interviewees didn’t possess 

any information on the performance of the tools and as such were in no position to reject the notion of 

algorithm B potentially being a technically competent instrument. It seems that this can thus be ascribed 

to be the failing of text B to instill trust in the system through the analytical process of trust even though 

to some degree it did facilitate the building of mental models.  

The mental models that interviewees built from the information presented to them only allowed them to 

assess the possible influence of external factors on the system’s input and process. Where it failed was in 

letting them relate the employed process to the purpose of the system, namely assessing risk. This 

perceived dichotomy between process and purpose might be explained by noting that the application of 

this particular process in the assessment of risk within the field of child welfare is entirely novel, but such 

a position would suggest the data to have contained more signs of a wait-and-see-stance taken by 

interviewees. Instead, questions raised by assessing the influence of external factors on the process were 

apparently enough to base rejection on. 

5.4 Influence of opacity 
Section 3.3.3 argued that opacity was likely to be one of the prime suspects for obstructing the dynamics 

of trust between users and risk assessment tools. Regardless of source, the deprivation of information on 

a system’s process or performance, whether this be a priori or during usage, would severely impact a user’s 

ability to assess its technical competence and, following, to base their trust decision upon. This same 

section also made note, however, that opacity, while often referred to as a singular phenomenon, could 

stem from different sources and that the effect of opacity could differ reflecting its specific source. As such, 

opacity was christened as one of the main areas of interest for the interviews to focus on, as to be able to 

answer the question regarding opacity formed in this section relating to these two observations. 

The aim of this section of the results therefore, is to uncover how different types of opacity such as secrecy 

for the different instruments of the LIJ and both high-dimensionality and technical illiteracy for the Living 

Labs instruments would manifest themselves in practice and through what ways these would affect the 

dynamics of trust. The interview discussions of the LIJ largely focused on discussing manners through which 

interviewees, through usage, were able to assess the performance and technical competence of the LIJ and 

familiarized themselves with its process, to the degree this was the case. For the Living Labs instrument, 
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opacity was mostly part of the subtext of discussions, being linked to affective stances and interpretability, 

the latter having been discussed in section 5.3.2. 

As investigating the effects of opacity was deemed such a integral part of this research, the three types of 

opacity were explicitly coded for during initial rounds of coding. Appearances of opacity throughout the 

data were identified as such, which allowed for subsequent coding to connect such appearances to relevant 

themes represented by coding categories such as Attitudes/Beliefs, Performance and Understanding. While 

the insights presented in Section 5.3 were mostly gained through analyzing the isolated data relating to the 

discussions of the algorithm texts, data on opacity was more widespread. The analysis of the data consisted 

of localizing data on traces of opacity and making note of what coding was present in its vicinity, mainly 

regarding the themes mentioned above. 

This section of the results will be divided into two subsections. The first will present the findings 

surrounding opacity’s effects on assessing technical competence. This section will aim to give answer to 

the question on how opacity in its current form in the LIJ has affected user’s ability to assess its technical 

competence and to base a trust decision upon and what implications this would hold to assessing technical 

competence of the Living Labs instruments, with their own types of opacity. The subsequent subsection 

was added to do right by insights that emerged from the data during analysis. In drawing up the results 

presented in Section 5.3, signals were found that indicators of opacity present within the Living Labs 

algorithm text A seemed to be linked to affective stances expressed by interviewees. This section, then, 

will aim to uncover the relation between opacity and affective stance, what explanations for these 

observations can be proposed and what this would imply for trust in risk assessment instruments 

possessing this characteristic. 

5.4.1 Assessing technical competence 
The LIJ is opaque due to its calculations over the input provided by investigators not being disclosed, 

obscuring the relation between what enters the system and how it results in a certain output. Such 

obscurity clearly affects a user’s ability to assess the system by looking at its process’ competence for the 

task of measuring risk. As was shown in Section 5.3.1, analogical reasoning facilitated the establishment of 

trust of users in the tool before having started working with it, which possibly negated the negative effects 

of opacity. But throughout the interviews, it became clear that interviewees had mere positive views on 

the system’s technical competence and the processes’ suitedness for measuring recidivism risk.  

How then, if not through transparency of process, were these interviewees able to assess the system over 

time? To properly answer this question, it is important to establish to what extent the interviewees actually 

have a thorough understanding of the LIJ’s process. Understanding was a coding category in its own right, 

which was well suited as a starting spot to form an image on the extent to which interviewees understood 

the LIJ’s process. The data coded for Understanding all represented signs of understanding - naturally, but 
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also connected this to how this understanding was formed and what stances or behavior resulted from this 

level of understanding. 

Representing this data, an interviewee implied that his understanding of the LIJ’s process resulted from 

experience: “Of course, I now understand to some degree what the instrument returns [as output] when I 

put something in” (Interviewee 1, 2018). Another expressed that the extent of his understanding wasn’t 

very precise but still allowed him to, to an extent, predict the system’s output: “I know intuitively that if I 

put in this here, what the effect of that on the scoring will be, but I don’t know exactly how that differs per 

domain” (Interviewee 4, 2018). Another, when asked if the outcome of the instrument sometimes 

surprised him with a score much higher or lower than expected, noted that: “when you often work with 

the instrument, you start to feel how it works” (Interviewee 8, 2019). 

The common denominator of all these statements seems to be that their understanding of the system was 

a result of experience. Similarly, being able to roughly predict the system’s output based solely on the input 

is a clear signal of mental model building. Despite the LIJ’s apparent opacity, the view arising from the data 

seemed to be that frequent usage of the system had allowed them to become familiar with its process. 

Through frequent encounters, they were able to relate the system’s output to its input, with the mental 

models built based on this information eventually making the system’s output more predictable . This has 

been noted in section 3.2.2 on Hoff & Bashir’s factors influencing trust in automation as relating directly to 

the level of trust. 

A closer look at the same statements relayed additional information on how such thorough understanding 

of the LIJ’s process came about. The former two include mention of system interaction, pointing out that 

performance was predictable based on what they had entered as system input. This refers to the extensive 

amount of input required by the system, a lengthy questionnaire-style input based on information 

collected by the investigator through interviews with the delinquent and informants like the police, parents 

and others close to the client as discussed in Section 2.4.2. But it was not only the number of inputs that 

had allowed interviewees to gain an understanding of the process. The way the system is set up allows for 

users to go back and forth between output and input, allowing them to gauge the changes in output based 

on individual input alterations: “sometimes you see what happens, what if I select 'sometimes' of 'often' 

here, what happens, what is the output. then you see the scoring change” (Interviewee 6, 2018). 

There were various more mentions of this exploratory behavior in the data, another interviewee saying: 

“… sometimes you struggle and you’re like, what if I try to fill in this, not for manipulation purposes, but to 

see what changes occur in the score if I do this” (Interviewee 12, 2019). This statement is also a perfect link 

to another phenomenon, in addition to this exploratory behavior that facilitated the assessment of the LIJ’s 

process. Users have a large level of control over the system, which became clear not only from the above 

statements, but also from the large amount of data relating to the Level of control coding category. This 
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level of control thus allowed interviewees to experiment with the effects of altering inputs on the output. 

This freedom often resulted in users altering the input to result in output that they were able to use to 

support their recommendations for treatment and sentencing and not as an independent measure of risk. 

This important insight will be further discussed in Section 5.5.1.  

Returning to the influence of opacity, it appeared that the hurdles opacity presented in assessing the 

systems process were near-completely alleviated by the level of control the users had over the functioning 

of the system. Being allowed full control over the translation of information into system-inputs, as well as 

the back-and-forth that allowed assessment down to the individual input-level, meant that users appeared 

to have been able to build mental models that increased the predictability of the system, facilitating 

increased trust in accordance with our understanding of Hoff & Bashir’s (2015) factors. This building of 

understanding through experimentation is likely also helped by the relatively simple calculations, mostly 

linear without many interaction effects between inputs.  

What further seemed to stress the importance of control and system interaction were the insights derived 

from the analysis of data on the PreSelect instrument, which like instrument 2 also lacked transparency of 

process due to intentional secrecy. Similar to the Living Labs, discussions on PreSelect mostly occurred in 

isolation, the data coded mostly In Vivo and categorized as consisting of Performance, Understanding and 

Usefulness. Merely looking at the categorized codes on the PreSelect lends the sense that the system is not 

found very useful, not seen as reliable and that users have little understanding of the system. Rejection 

was even as outright as an interviewee saying: “I don’t concern myself with PreSelect. It is a static score, I 

need it for the report, but that is it” (Interviewee 2, 2018).  

There seemed to be various reasons for this apparently huge difference of perception of two related 

instruments. It is important to recollect from Section 2.4.1 that PreSelect is a fully automated risk 

assessment score based on information with the police department. Users firstly appeared to have very 

little knowledge on what types of information went into calculating a PreSelect score, with some citing 

information that had been part of the scoring but that in reality have years ago been withdrawn from the 

system. Others were only able to sum up 3 out of the total of 12 inputs. While it is not surprising to find 

interviewees being less familiar with the inputs of an instrument they do not interact with, this does lead 

to lack of understanding further strengthened by opacity. 

Another oft-returning point was that the PreSelect score didn’t represent any valuable information to the 

investigators. One interviewee stated: “… I take note of the score but I don’t often do anything with it” 

(Interviewee 6, 2018), another saying: “I will never say to a young delinquent, I’m worried about you 

because PreSelect says this or that” (Interviewee 4, 2018). The interviewees were unfamiliar with data that 

went into the PreSelect’s scoring, the scoring only being presented as an integer and with the process and 

original input intentionally being obscured from view, it should perhaps not be surprising to find the 
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interviewees largely ignoring the scoring of the instrument. A spotty reputation from hearsay relating to 

reliability of the data on which the scoring is based certainly didn’t help either, with an interviewee noting: 

“I often hear [from informants] that [the information on which PreSelect is based] just isn’t correct, so you 

start to think, why take it into account, I’ll base my considerations on things I am certain of” (Interviewee 

10, 2019). 

What opacity’s role in this seemed to be was that lack of knowledge on (or mirroring the LIJ: control over) 

the inputs made them question the system’s reliability. When it gained a reputation of including wrongful 

information, the opacity of the system made it impossible for users to reassess the system’s competence 

based on information through interaction or view a subsequent assessment separate from earlier bad 

experiences. Opacity here clearly obstruct users to assess an outcome on merit, leading them to reject the 

system altogether. The perception of being unreliable can’t be overcome if users are unable to assess either 

a system’s process or a system’s inputs.  

While both PreSelect and instrument 2 are opaque stemming from secrecy over its process, with PreSelect 

additionally employing secrecy over inputs, the impact on assessing technical competence leading to trust 

is vastly different. Knowledge of inputs, with control going as far as allowing for exploratory behavior can 

be viewed as critical in gaining understanding of instrument 2, leading to a more trustful stance towards it 

than to PreSelect. What unfortunately was difficult to verify was whether a PreSelect with transparency of 

inputs would have been able to facilitate in the assessment of technical competence. The importance of 

level of control and interaction can therefore not be unequivocally hailed as the most important 

characteristic facilitating trust in opaque tools. Along this same reasoning, as the same type of opacity 

manifested itself in different ways in these tools, it can be stated that opacity cannot be seen as a singular 

phenomenon affecting trust in a similar way. Even stemming from the same source, opacity in these tools 

manifested itself in different ways, leading to wildly different effects on trust. 

5.4.2 Affective stance 
During the analysis of data on opacity there was another theme that emerged in parallel to assessment of 

technical competence which was more explicitly coded- and sought for. Data relating to both the discussion 

of PreSelect and the Living Labs instrument seemed to have a consistent subtext indicating affective 

stances, some stronger than others, but present nonetheless. This led to a deeper exploration of this 

subtext and what it conveyed on the effects of opacity. While the results surrounding opacity’s effect on 

the assessment of technical competence were relatively straight-forward to draw up, due to this having 

been one of the main topics discussed during the interviews that therefore resulted in a larger pool of data 

from all interviewees, the theme of affective stances in relation to opacity was not a consistent topic. As 

such, the data from which the following is drawn is of a considerably smaller size, which would heed caution 

in stating strong conclusions.  
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One of the earliest indications that opacity affected the affective stances of the interviewees was an explicit 

statement of one of the interviewees about the Living Labs algorithms. When asked which algorithm they 

gravitated towards they answered: “I think [algorithm A] could be more effective, but I simultaneously 

realize I have no idea what it is actually doing. I find that a bit scary. [With algorithm B] I can better picture 

what is happening” (Interviewee 7, 2019). The direct link between the opacity of algorithm A’s process and 

such a strong affective reaction as scaring the interviewee was a surprising find. It is not wholly 

unimaginable for opacity of process to make users a bit more skeptical or hesitant to trust it, due to 

aforementioned lack of information to base a trust decision upon. The strength of this expression however, 

showed that it was not just the lack of understanding that spurred the effective stance. 

A closer look at this statement reveals why this opacity evokes this affective reaction. The interviewee 

notes that by not being able to know, control or check what an algorithm is doing, such an algorithm can 

very well not act in line with expectations or what is wanted from it. Such is especially perceived to be the 

case for machine learning algorithms, as employing this technique implies a developer let’s a machine 

decide upon the parameters of a set algorithm itself based on what it finds most fitting for the given data. 

The realization of the possibility of an actor, in this case the algorithm, not acting in line with what is wanted 

together with the inability to signal such deviant behavior strikes at the core of what trust is.  

Recalling Mayer, Davis & Schoorman’s (1995) definition of trust as proposed in Section 3.1, trust is: “[the] 

willingness of a party to be vulnerable to the actions of another party based on the expectation that the 

other will perform a particular action important to the trustor, irrespective of the ability to monitor or 

control that party”. Evidently, when opacity increased uncertainty and vulnerability due to the inability to 

signal deviant behavior or set deviant behavior apart from instances of desirable behavior, this would 

negatively impact trust. Further traces of opacity spurring negative effective stances were found within 

coding of Attitudes/Beliefs, in expressions on specific risk assessment instruments. 

One interviewee noted when asked to give a preference for either algorithm A or B: “… I’m leaning towards 

[algorithm B], because I understand it better” (Interviewee 12, 2019). Another put in a similar situation 

noted: “… as I just noted, I don’t really understand machine learning, I can’t picture how that must work, 

so I’m automatically leaning towards [algorithm B] because I understand it better” (Interviewee 1, 2018). 

While certainly not as explicit as the previously discussed statement, these statements clearly reflect that 

opacity and resulting lack of understanding had made them less comfortable with algorithm A. Similarly to 

the previous statement and related to the context of these answers, these negative affective stances would 

have its most profound effect on a priori trust stances, situations where users are unable to base their trust 

decision upon anything else than what is presented to them, as was the case for the discussions on the 

Living Labs instruments.  
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In the data on PreSelect, a related but different relation between opacity and affective stance was found. 

Coding indicated that, similar to instrument 2 of the LIJ, users were not familiar with the inputs used for 

calculating recidivism risk. The data revealed that this unfamiliarity led to wrongfully held beliefs about 

what input was used. PreSelect, in its earliest version included ZIP-codes and ethnical background in its 

calculations, as those were deemed to be strong predictors of recidivism. Due to ethical concerns, their 

inclusion was scrapped shortly after introduction of the LIJ and these parameters haven’t been used since. 

Nonetheless, one interviewee noted that they had serious concerns surrounding the ethicality of PreSelect: 

“I really had my reservations, that you would be judged based on [ethnicity and place of residence] by the 

system” (Interviewee 11, 2019). 

What this perhaps shows best is that opacity, and general lack of transparency of input and process, 

presents individuals with a blank slate to project their own perceptions and beliefs upon. The first citation 

showed that, even in light of the fear that opacity managed to instill, they projected their positive 

associations with machine learning on to the algorithm, noting that it might perform better because of it. 

Similarly, the last citation indicates that even wrongful held beliefs on the system can be projected due to 

the system’s opacity not being able to refute such beliefs. Opacity’s blank slate, then, seemingly makes 

trust more dependent on personal attitudes, beliefs and associations, warranted or not. 

5.5 Situational characteristics  
The third theme of results centered around situational characteristics of current and prospected risk 

assessment use within child welfare services. Section 3.2.2 showed the sheer size of influence situational 

factors are likely to have on trust in any automation technology, reflecting Hoff & Bashir’s (2015) 

framework of trust factors. Situational factors are bundled to represent a distinct layer of trust, reflecting 

both its importance and its independence from factors representing user-individual and system-specific 

factors. Section 3.3.4 made note of the importance of fathoming the impact of situational factors on trust 

in the use of risk assessment in its current form and the implications it could hold for usage of such tools 

within the civil domain of investigations, where it is currently not used. Understanding the relation 

between situational characteristics and trust in its current form and the similarity or differences in 

perception of these factors within the civil domain could as such go a way to indicating initial trust stances 

towards new applications of risk assessment such as the Living Labs.  

Reflecting this, the goal of the analysis relating to the theme of situational characteristics was to unearth 

how situational factors currently relate to the amount of trust users put into risk assessment instruments 

and what differences users perceive between the civil and criminal domain which would result in a differing 

level of trust stemming from these factors in new risk assessment tools. In parallel to this, Section 3.3.4 

also argued that the specific operational context of child welfare services and assessing either recidivism 

risk or risk of sexual abuse was likely to disrupt the dynamics of trust evolution based on repeated 

assessment of system performance. Recidivism risk represented as a percentage-chance is inherently 



 

69 
 

unverifiable on the case level, which would also go for risk of sexual abuse. The second goal of this section 

of the results, then, was to investigate the assessment of system performance in light of this operational 

context, reflecting also the question posed in Section 3.3.4 relating to this gap in theory.  

While being distinct sections, the discussion of the results seemed to share a common theme underlying 

the insights directly derived from the data. As will be put forth in a separate section of the results, there 

seemed to be a clear relation of perceptions on situational trust factors and the assessment of performance 

in the context of child welfare services with prevailing epistemological paradigms. This was not only present 

within these results, but, as will be shown, are also an integral part of previously discussed result.  

5.5.1 Situational trust factors 
As Hoff & Bashir’s (2015) framework of trust factors was explicitly used in coding the data, drawing up the 

results surrounding the perceptions of situational trust factors was a relatively straightforward process. 

Table 4 below, the final coding list for situational characteristics, show that the most prevalent factors from 

the framework that returned in the data were Framing of task and Task complexity, to which most In Vivo 

coding labels could be assigned to during structuring of codes. A brief look at this table already reveals the 

huge variety of what e.g. interviewees perceived as increasing task complexity in a given domain, or how 

framing of task differed between domains, likely to impact the ability to assess risk systematically. This 

section of the results will shy away from discussing every single suggested difference in task framing or 

every cause of differing task complexity, the most consistent and oft-returning reasonings within the data 

will be used to unearth how such perceptions relate to trust in current use of risk assessment and what 

this might lead us to conclude on trust in prospective tools in the civil domain. 

Situational 
characteristics 

Framing of task Civil domain focusses on resolving risks i.o. Detection 
Criminal domain has clear delineation of tasks/responsibilities 
Differing position of investigator in civil domain 
Justice chain designed for structured processing/assessment 
Lack of delineation in civil domain  
Many possible present problems in civil domain 

Task complexity Ambiguity of signals (of abuse) 
Changing responsibilities within civil domain 
Clearer structure and goal in criminal domain 
Criminal domain more facts-based 
Different problems in civil domain require different approaches 
Lack of aggregated information in civil domain 
More complex, multi-dimensional cases in civil domain 
More focus on environment of child in civil domain 
Social context is inherently ambiguous 
Well trained professionals miss signals 
Younger children in civil domain 

Table 4 – Final coding list for situational characteristics 

Looking at Framing of task, the coding clearly indicates what interviewees perceived as likely to influence 

the possible successfulness of risk assessment use in the civil domain. The prevalence of risk assessment 

within the criminal domain was in part ascribed to the way the entire chain of justice is designed. One 

interviewee, when asked why they thought risk assessment was used so consistently in the criminal domain 
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and not within the civil domain answered: “Because the criminal domain itself is very consistent and 

systematic. It is entirely focused on conducting the same investigations” (Interviewee 5, 2018). Another 

noted: “I think it has to do with the fact that with a crime, it is clear that the child needs to be reprimanded 

some type of way. The start is very clear, and the goal is very clear” (Interviewee 12, 2019). Following 

similar reasoning, another interviewee pointed out: “… a child is referred by the police or probation, so I 

think it is easier to convey information in such a way” (Interviewee 11, 2019). 

While these interviewees point out different reasons for the systematic treatment of young delinquents by 

the RvdK and the LIJ, it can be boiled down to similar lines of reasoning. The first noted that the justice 

chain itself was designed to be able to treat delinquents in a consistent manner. The next interviewee 

expresses the belief why this consistent treatment is desirable, as the action of the delinquent requires 

some form of intervention. This reasoning very much falls in line with the views held within the managerial 

movement and the episteme of the rational self, discussed in Section 2.2.1, that holds that delinquent 

behavior needs to be managed in a systematic manner and that this managing of risk should be based on 

the risk represented to society as represented by, among others, the gravity of actions, which also shines 

through in the use of PreSelect, as pointed out in Section 2.4.1.  

The latter interviewee noted that the way the justice chain is designed allows for risk assessment to work 

- to be successful. The systematic treatment of delinquents, which first come in contact with police, from 

where they are referred to parties like HALT or the RvdK, allows for consistent information streams across 

the different parties involved. In their expressions, the interviewees implied that the civil domain doesn’t 

contain these attributes. One interviewee managed to summarize this by saying: “There is too little 

delineation and you’re bombarded with so much information and text and complaints from all sides and 

[the investigators] have the feeling they are unable to deal with that” (Interviewee 3, 2018). This clearly 

indicates the lack of structured information provision and refers to the many different actors involved in 

civil investigations.  

While Framing of task already showed the large perceived differences between the criminal and civil 

domain, data relating to Task complexity emphasized these differences and the possible influence this 

would have on the perceived feasibility of risk assessment within the civil domain even more strongly. 

While a quantitative difference in coding labels within the Task Complexity category compared to that of 

Framing of task is a poor indicator of which of these factors is a stronger differentiator between the civil 

and criminal domain, the data also showed many more instances of such codes present within the data. 

Interviewees also tended to mention more reasons relating to Task complexity to explain the differences 

between domains before mentioning reasons relating to Framing of task. 

In trying to explain why risk assessment has been a staple for investigations within the criminal domain for 

years in contrast to the civil domain nearly all interviewees made note of the higher complexity of 
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investigations within the civil domain. The list of codes presented in Table 4 give clear overview of the 

various reasonings for why cases in the civil domain are more complex than those in the criminal domain, 

which would make systematic risk assessment more difficult to achieve, in the minds of the interviewees. 

Even within the reduced coding list, related themes can be identified. One recurring remark was that the 

process of investigating and problem diagnosis within civil investigations is very complex. 

A clear example of this was by an interviewee that also explicitly linked the ambiguity of risk signals within 

civil investigations to the perceived inability to use risk assessment instruments. “I think that civil 

investigations are generally more complex, because certain signals can point to so many different things, 

which would make it more difficult to pin-point risk with [a risk assessment tool] or get anything useful out 

of it” (Interviewee 10, 2019). Not only were signals perceived to be ambiguous, another interview noted 

that even well-trained professionals miss signals pointing to certain problems: “… especially with sexual 

abuse, we often miss it. Despite being so well trained and focus on it to this degree” (Interviewee 8, 2019). 

This was also linked to the age of clients within the civil domain being lower, making it more difficult to 

correctly ascribe signals they would give or gather information from them: “… civil investigations are more 

complex because you also have to deal with younger children, which are more difficult to work with” 

(Interviewee 10, 2019). 

The reasoning that civil investigations are more complex, with problems within these investigations more 

difficult to pin down due to signals not being as clear cut, was prevalent in the vast majority of interview 

data. Specifically, on detecting sexual abuse with risk assessment instruments an interviewee said: “Sexual 

abuse is so difficult to detect and while signals might certainly be there, they are different for every child. 

I would be much more in favor of investing in parenting, so that it simply doesn’t happen. Prevention.” 

(Interviewee 7, 2019). What such statements conveyed is the belief that because human experts fail in the 

assessment of risk, trying to capture this with instruments or tools would also be a foregone task.  

The clear view arising from this, then, is that the differences in situational characteristics of the civil and 

criminal domain would complicate the modelling of risk by risk assessment instruments. The view that 

there is a lack of clear delineation within civil investigations, along with the perceived ambiguity of risk 

signals in such investigations might be detrimental to the successfulness of any prospective risk assessment 

instrument trying to capture such risks is widely held among investigators. Such perceptions would likely 

affect a priori trust, as it would make users much more skeptical due to these preconceived notions and 

held beliefs. While there is a difference between what is perceived to be and what is reality, in this case 

this difference doesn’t actually matter as to users, their perception is reality until proven otherwise. 

5.5.2 Assessing system performance 
Following the discussion of situational factors, Section 3.3.4 made note of the inherent complexity of 

measuring any type of risk within the context of child welfare services, whether that be recidivism risk or 
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risk of sexual abuse. The scoring result of any risk assessment within this context is inherently unverifiable 

due to the two reasons previously discussed. Firstly, a single case in reality is binary, where a delinquent 

recidivates or they don’t, whereas the scoring is continuous. Secondly, a delinquent might recidivate 1 day 

after arrest or 2 years after sentencing and as such, a score cannot consistently be assessed as delinquents 

are not under permanent monitoring of authorities. When a case is closed, the control over or contact with 

the delinquent eventually phases out.  

In light of this, how are investigators able to inform themselves on system performance? Naturally, there 

is some overlap with the results from section 5.4.1 in drawing up these results. Where Section 5.4.1 

investigated the extent to which interviewees had been able to assess technical competence of the 

instrument in light of opacity, here it is the extent to which they are able to assess system performance 

absent any feedback loops. From the analysis in Section 5.4.1 the view arose that interviewees were able 

to extensively interact with the LIJ’s inputs, allowing them to go back and forth between input and output 

to gauge the effects of their experimentation. This experimentational behavior, however, went further 

than simply gaining an understanding of the system. It seemed that manipulation of the input as a reaction 

on the system output was a relatively common occurrence.  

Manipulation of input was an observation that returned throughout the data and within different coding 

categories. Coding on Understanding included data relating to manipulation, as process understanding 

gave users the knowledge they needed to alter system input to achieve sought-after outcomes. Coding on 

Level of control included data relating to manipulation, as it was this system characteristic of control that 

enabled users to go back-and-forth in the system. These were both noted during the analysis for Section 

5.4.2, but what was most interesting to find data relating to manipulation within coding on Dealing with 

deviant performance.  

Interviewees seemed to have noted that, when encountering system output that deviated from what they 

had expected, some would go back into the system to alter the input, resulting in an outcome that deviated 

less from what they would expect. “What I’ve heard through the grapevine is that when a certain scoring 

is very red, some go back [into the LIJ] and adjust the scoring, which actually isn’t allowed” (Interviewee 

11, 2019). Even though this interviewee noted that this behavior is not allowed, the data showed that this 

was relatively common. “Occasionally I choose to fill in an untruth into the instrument so that the score 

better matches [with my perception]” (Interviewee 8, 2019). Similar answers kept recurring: “Sometimes I 

fill in the questions slightly different so that the score better matches [with what I think], in that way you 

get a more realistic image of the situation” (Interviewee 6, 2018). 

What these data are conveying is that the standard to which the LIJ’s system output, its risk assessment 

profile, is judged is the perception of risk of the investigator themselves. The latter citation notes that by 

manipulating system input, the risk assessment profile can be made to paint “a more realistic image” 
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(Interviewee 6, 2018). A more realistic image in this case seemingly refers to that what is perceived by the 

investigator. Perceptions of good performance of the LIJ and subsequently trust thus seem to follow from 

the LIJ’s risk profiles being similar to the risk as is perceived by its user. The implications this would hold for 

trust in a system such as the Living Labs algorithm, which was explicitly created for the task of capturing 

oft-missed risk, are problematic for obvious reasons. By evaluating performance to a standard that at best 

is not entirely representative of reality and at worst deviates significantly from it, users do not gain an 

objective measure of validity and reliability. 

In not providing a formal measure of performance during usage of the instrument, users veer to the only 

measure available, one that they trust and are familiar with; their own assessment. But while contextual 

factors of criminal investigations and prosecution of delinquents inhibit making such objective assessment 

of performance, the LIJ is the product of thorough research and has been verified by academic researchers. 

Information on performance metrics of the instrument over data on which it was based is available to 

investigators, as pointed out in Section 5.3.1 on analogical trust.  

Revisiting points of data that were used in this previous section, the conclusion that seems obvious is that 

investigators are consciously oblivious to these metrics. “I think we shortly discussed [the scientific 

evidence] behind the LIJ, but I don’t know specifically what was discussed” (Interviewee 3, 2018). In the 

same vein: “I can’t recall [it being discussed]. But that could also mean it wasn’t interesting enough” 

(Interviewee 12, 2019). While every interviewee was given the question on what data the LIJ was based on 

or what information at all they had taken knowledge of before starting working with the instrument, there 

was no data that seemed to contradict this conclusion.  

Investigators simply seem firmly set in the belief that comparisons to their own perception of risk is valid. 

While not strictly being manipulation, deviating performance of the LIJ also motivates investigators to 

revisit the input to see if the information they gathered is correctly translated into system inputs. As section 

2.4.1 discussed, the translation of information gathered throughout an investigation into system input 

requires some interpretation, as spoken interviews naturally not always lend themselves to be literally 

translated into an answer on a Likert-scale. Data found in coding on Assessing performance, Dynamic, but 

also in coding on Attitudes/Beliefs, General risk assessment further strengthened this insight that above all 

else, the risk assessment done cognitively by the investigator during an inquiry is leading.  

Within the former there appeared to be a belief that, although an integral part of a criminal investigation, 

risk assessment not always fully represents reality and that investigators should remain leading in having a 

final say over the outcome of the assessment. One interviewee stated, when asked what his view was on 

the assessment of the LIJ in cases where it deviated from his own view on the case: “I don’t see that as a 

hindrance, you have to accept that the data that can lead to a certain scoring. [The investigator] just has to 

think for themselves if the score is fitting for the situation” (Interviewee 2, 2018). Another, asked the same 
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question, answered: “I don’t think it matters a whole lot in the final assessment if a score is 75% or 80%. 

What matters in the end is what advice [on e.g. intervention or sentencing] results from it.…. The focus is 

more on, alright what does the rest of the [environment of the child] look like and how to go from here. It 

is more a step than a goal onto itself” (Interviewee 4, 2018). 

Both these statements clearly indicate a profound belief that the results from the LIJ’s risk assessment are 

not, and shouldn’t be, leading in the treatment of a delinquent. They seemingly do not ascribe as much 

value to the performance of the system as perhaps would be expected. Returning to the question how 

investigators assess performance of the LIJ, the answer seems to be, aligning with what was stated some 

paragraphs ago, that they compare the outcome of the instrument to their own assessment of risk and 

overwhelmingly hold up their own assessment as a more accurate depiction of the situation and judge the 

instruments assessment based on the extent of the deviation from this depiction. In this case, the 

instrument meant to automate risk assessment and make it more objective is put up against the exact type 

of subjective and perhaps unreliable assessment it was meant to partly replace.  

5.6 A shift in epistemological paradigm  
While the results of sections 5.4 and 5.5 discuss different facets affecting trust in risk assessment 

instruments and Section 5.3 discussed an avenue of understanding how trust in such instruments come 

about, the data from the interviews with RvdK investigators doesn’t seem to paint an entirely uniform 

picture on whether investigators actually trust the instrument they use in their work. These sections on 

multiple occasions point to signs in the data of RvdK investigators putting trust into the LIJ. However, an 

argument can be made that signals in the data relating to such indications of trust can be interpreted to 

form a different understanding on the use of the LIJ by investigators. This use does not necessarily align 

with that of users having testimonial trust in the assessment of the LIJ. This section will connect this 

interpretation of the data with the views put forth in Section 2.2.3 on the shift epistemological paradigm 

from actuarial risk assessment towards algorithmic assessment. What will be cautiously proposed is that 

perceptions of users on the LIJ are so firmly set in the epistemological paradigm they adhere to, that trust 

is perhaps not an entirely accurate characterization of the relation between them and the instrument. 

Revisiting the theoretical discussion of testimonial trust of Section 3.3.1, it is clear that there are some clear 

conditions to be met when speaking of trust in testimony. One of these conditions discussed in this section 

is that testimony should be seen as a valuable form of information beyond ones epistemic state and 

therefore incorporates it in their own belief or adjusts their belief based on this information. This as 

opposed to the use of testimony to form an epistemic state upon in situations of total dependence on this 

testimony as the sole source of information. It is this incorporating of information into their own belief and 

the willingness to adjust their belief, or assessment of risk, that is seemingly absent from the data gathered. 

Contrastingly, what has been shown in Section 5.5.2 of the results is that users of the LIJ, lacking obvious 
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ways to assess the objective performance of the instrument, use their personal assessment of risk in 

investigations as the bar against which to measure.  

This observation aligns with several other observations and insights gained throughout earlier sections of 

the results. In discussing analytical process of trust and the textual explanation of the process of Algorithm 

A, it became clear that transparency of process did not lead to increased trust. Quite the opposite, the 

textual explanation of process led interviewees to actively question the performance of the algorithm, even 

in absence of statistics on validity or reliability. When viewed in light of their adherence to the prevailing 

epistemological paradigm within child welfare services, the episteme of the pathological self, this is not 

surprising. Calculating risk through the calculation of word-occurrences in textual reports in no way 

resembles their own cognitive assessment of risk. Without any reason to believe such an alternative 

method is valid, why would they trust it? 

Another indicator of a similar stance was in Section 5.5.1 on situational factors of trust. Expressing their 

hesitance in thinking sexual abuse could be detected using risk assessment one interviewee noted: “… 

especially with sexual abuse, we often miss it. Despite being so well trained and focus on it to this degree” 

(Interviewee 8, 2019). What this statement clearly shows is their hesitance in thinking risk assessment 

would be able to uncover sexual abuse is linked to their own inability to accurately assess it. If experts in 

the field trained in the specific act of assessing risk in the field of child welfare are so often unable to detect 

the presence of sexual abuse, then automated risk assessment would not be an obvious candidate to 

flourish in this act. And when risk assessment instruments aiming to assess risk by employing a different 

method than investigators themselves, this leads to rejection of the instrument as investigators see no 

value in the method if it doesn’t align with their epistemological episteme of assessing risk.  

Further signs of distrust and rejection based on a dichotomy in epistemological paradigms were found in 

discussions on the PreSelect. A reason given for not lending much value to the scoring provided by this 

instrument, one interviewee said: “[Instrument 2] gives a dynamic risk profile, which in the end is much 

more important [than the static profile from instrument 1]” (Interviewee 2, 2018). As discussed in Section 

2.4.1, the PreSelect and Instrument 2 adhere to different epistemological epistemes, namely those of the 

rational and pathological self respectively. This explicit statement of seeing more value in one method of 

assessing risk over another based on this difference in static and dynamic risk is a further indicator of 

rejection and distrust based on epistemological paradigm.  

What the above might show is that for a risk assessment instrument to adhere to a similar epistemological 

paradigm might serve as an effective proxy for the establishment of trust. When an investigator is used to 

assess risk in a certain manner, it is obvious this investigator attaches value to said method. When a risk 

assessment instrument employs a similar method, this value in the eyes to the investigator would then 



 

76 
 

apply to the instrument as well. Trust in one’s own cognitive process of assessing risk might thus apply to 

the risk assessment aiming to mirror this process through its own method of calculation. 

This then creates a Catch 22. Risk assessments employing methods similar to cognitive processes employed 

by human investigators benefit from the established familiarity and trust. But when an instrument is aiming 

to assess risk in situations where human assessors traditionally fail, adhering to similar cognitive method 

of risk assessment offers little value. But in employing a method entirely unfamiliar to the investigator, 

there is no familiarity of process to fall back on to establish trust. Trust in such tools would likely follow 

from usage and positive experiences with these tools, creating a positive feedback loop relating to 

performance. But in light of a priori rejection of such instruments, and trust being a prerequisite of use of 

these tools, one is left without a clear starting point within this loop.  

5.7 Conclusion 
In conclusion, we then return to the onset of this research. As the growing relevance and usability of 

algorithmic methods for assessing risk in various fields had increased tremendously over the past years, 

the RvdK became interested in applying this technique to tackle long-standing issues of its own, where 

traditional methods had failed. Being no stranger to automated instruments for the assessment of risk, this 

organization seemed a perfect environment for conducting research on the trust relation between humans 

and risk assessment tools and how this relation might be affected by the application of novel techniques 

in this area. As such, the following research question was posed: 

What factors influence the trust of users in algorithmic risk assessment tools in the context of child 

welfare services? 

In aiming to answer this research question, the extensive body of literature on trust in automation 

technology was used to gain an understanding on the dynamics of trust in this relation on which to 

hypothesize its applicability to the specific context of this research. This specific context pertained to risk 

assessment instruments, both actuarial and algorithmic, as the automation technology and the operational 

context of child welfare services, both possibly affecting the human-automation trust relation as 

established in theory. In taking this approach, the goal of this research became to investigate the 

applicability and transferability of established theory on trust in automation technology to the use of 

(algorithmic) risk assessment tools within child welfare services. 

The theory chapter, in its discussions of established theory and the specific context of this research, 

identified various gaps in this theory, along with theorizing the influence of specific characteristics of the 

technology and operational context of child welfare services on the dynamics of trust. In doing so, this 

chapter posed 4 questions the results section needed to answer in order to reach the goal of this research 

and answer its research question. With the analysis of the data and derived results as presented in the 



 

77 
 

sections previous, these questions can now be answered, drawing from various sections of the results 

relating to the topics included in these questions. 

5.7.1 Sub-questions  
This results chapter started off with the discussing of insights on the processes of trust from Lee & See’s 

(2004) framework of trust in automation technology. These insights related to two of the questions posed 

in Chapter 3. Let’s start with the question relating to the effects of opacity: 

What is the effect of opacity on the dynamics of trust in risk assessment instruments and how does this 

differ between sources of opacity? 

Section 3.3.3 challenged to commonly held notion that when an algorithm employs an interpretable 

method of calculation, the system is not opaque. Section 5.3.2 found signs that even though the method 

employed by fictional algorithm A based on the Living Labs instrument is interpretable, it appeared opaque 

to many due to its high-dimensional character. So while the texts for fictional algorithms A and B were 

drawn up to be able to contrast the effect of high-dimensionality in algorithm A with an interpretable 

method in B, analysis of the data was unable to do so.  

Where it was able to contrast the effects of varying sources of opacity was between intentional secrecy of 

algorithm A, only disclosing information on its development, not its process, and high-dimensionality. 

Section 5.4.2 made note of a strong negative stance in the form of fear towards the instrument employing 

intentional secrecy. This system was perceived as being less accountable as the algorithm which was 

transparent on its process. Furthermore, the PreSelect instrument of the LIJ, also keeping its process 

intentionally secret in spite of a relatively simple and interpretable method of calculation, also was affected 

negatively due to its opacity. In this same section of the results it was shown that due to its intentionally 

secret method, wrongfully held beliefs on the system stayed entrenched in the minds of its users, 

negatively affecting their stance towards the instrument. This negative effect on affective stance was not 

a direct result of opacity, however, as it resulted from the negative associations with the wrongfully held 

beliefs on the system. 

Most insightful were the results on the effect of opacity, or rather lack thereof, on trust in the LIJ. Even 

though the LIJ is opaque as a result from intentional secrecy, the level of control completely alleviated the 

obstruction of assessment of technical competence. In allowing for the user to go back-and-forth between 

the input and the resulting output, its users were able to form mental models of the process and assess its 

technical competence in relation to the input used and the effect of environment. Users thus were able to 

predict the system’s performance, increasing their trust and willing reliance on the system. Opacity of the 

LIJ didn’t obstruct the dynamics of trust and the effect of not only opacity itself, but even opacity stemming 

from intentional secrecy cannot be viewed as having a universal effect on the dynamics of trust when 

disregarding the environment in which it is manifested. 
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Moving on to the second question relating to the processes of trust and the results of Section 5.3:  

Are proxies for trust, such as domain experts, able to facilitate the establishment of trust in cases where an 

individual is unable to access or gather appropriate information and system feedback themselves? 

Similarly to gauging the effect of different sources of opacity on trust, the texts of the fictional algorithms 

A and B were devised as to be able to gauge the effect of proxies for trust present in text A on the 

establishment of trust. What was found in Section 5.3.2 was that the proxies present in the text, such as 

the domain expertise of its developers and the amount of data used in its development, did positively affect 

trust, if not overwhelmingly so. The extent to which the proxies for trust positively affected the 

interviewees’ trust stance was dependent on the extent these proxies represented value to them. For some 

who were familiar with the work of the NFI relating to investigating child sexual abuse, their involvement 

in the instrument’s development positively affected their trust stance. Surprisingly, it was the amount of 

data used in the fictional instrument’s development that held the most universal value representing 

quality. 

The results in section 5.4.1 relating to the assessment of technical competence of the LIJ in spite of its 

opacity, however, didn’t show strong signs of the importance of proxies for trust as a means to establish 

trust. The overwhelming majority of research participants were unfamiliar with both the underlying quality 

of the instrument and its developers, both possible being an indicator of quality for the system. There was 

an indication of a proxy for trust in the data relating to the LIJ, namely the amount of money spent on its 

development, and the amount of checks and balances passed before introduction of the system. So while 

this seemingly was a less important base for interviewees for their trust in the system, possibly due to the 

ability for extensive interaction with the system as discussed in Section 5.4.1, the effect for proxies of trust 

was similarly positive.   

Section 5.6 made another, if somewhat unconventional, case for the importance of trust proxies in the 

establishment of a priori trust. As concluded, proxies for trust assist in the establishment of trust to the 

extent a user assigns value to the specific proxy. This section argued that a considerable amount of 

rejection and distrust expressed by interviewees to both the Living Labs instrument as well as PreSelect can 

be attributed to their adherence to a different epistemological paradigm. Where the LIJ adhered to the 

same episteme of the pathological self, this had likely contributed positively to its users trust stances, as 

they were both familiar with the method employed and convinced of its value. Adherence to 

epistemological paradigm could therefore be seen as an effective proxy for trust. 

The third question posed in Chapter 3 related to the assessment of technical competence in the specific 

operational context of child welfare services. Section 3.3.4 of this chapter argued that the environment of 

child welfare services and the assessment of risk of both recidivism and sexual abuse obstructed the 

assessment of technical competence due to the absence of feedback loops. The following question was 
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therefore drawn up:How are users, in absence of direct feedback loops, able to assess technical competence 

of risk assessment instruments? 

Section 5.4.1 aimed to discuss the analysis of data regarding the assessment of technical competence of 

the LIJ. What became clear was that there was no formalized method for the assessment of the accuracy 

of the assessments of risk made by the instrument. In absence of a formalized process, interviewees 

signaled that they compared the outcome of the instrument to the view on risk in the specific case that 

they had made cognitively in parallel. Acceptance of the assessment of the instrument was most often 

based on its similarity to their own assessment, or whether the result from the system was surprising to 

them. In absence of formalized feedback loops, interviewees veered to the single other measure available, 

their own assessment. 

Even more interestingly, Section 5.4.1 showed that many held their own assessment of risk in higher regard 

than that of the risk assessment instrument. When the resulting assessment of the LIJ deviated significantly 

from that of their own, or was unable to support reasoning for a specific sentencing decision they had 

decided on recommending, they altered the system input. This was done in such a was that the final 

assessment by the instrument better aligned with their own assessment or sentencing recommendation, 

which in their eyes is seen as better representing reality. This showed that child welfare investigators, in 

spite of their experience with risk assessment tools, still value their own cognitive process of assessment 

more. 

Finally, the fourth question resulting from the theory discussion of Chapter 3 related to the effect of 

affective stances on trust. The theoretical framework on trust processes central to Section 3.2.1 proposed 

the outsized importance of the affective process of trust in relation to that of the analytical and analogical. 

Trust stances were deemed to greatly inform a user’s trust in an automation, and as such, the following 

question was posed: 

How does affective stance inform a user’s trust in the risk assessment instrument LIJ and what does this 

imply for the effect of affective stance on trust in prospective algorithmic instruments like the Living Labs 

instrument? 

Even though the investigation of affective stances towards risk assessment was an explicit goal of the data 

analysis, the results on the effects of affective stance towards trust in the LIJ were not unequivocal. Users 

generally signaled having a negative stance towards the LIJ. This negative stance was mainly a result of the 

many system quirks and bugs that had plagued the system during launch and to some extent still do. This 

negative stance, however, did not negatively affect their trust in the instrument relating to its ability to 

assess risk. Users had been able to differentiate between the technical aspect of the computer interface of 

the instrument and the process employed for the assessment of risk, for which they held positive beliefs. 
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Section 5.4.2 showed that opacity of the fictional algorithm B negatively influenced affective stance. Other 

results of the analysis of the data showed that there is a general disbelief that the problem of sexual abuse 

can be tackled through the use of risk assessment instruments. Section 5.5.1 made note that the lack of 

delineation and multi-dimensionality of problems in the civil domain of child welfare services makes it 

unlikely for risk assessment to be a useful tool. Though it is difficult to draw strong conclusions from these 

results, this general negative stance towards the use of risk assessment in the civil domain likely doesn’t 

bode well for prospective tools to be developed for this domain. 

5.7.2 Main research question 
Returning to the main research question of this research, what has this research shown regarding the 

influence of certain factors on trust of users in algorithmic risk assessment tools in the context of child 

welfare services? In part reflecting the summarizing of the results in the above section, there are several 

factors influencing trust in risk assessment that either differ from the established knowledge on trust in 

automation technology or are especially relevant to trust in algorithmic tools.  

Firstly, there is the phenomenon of opacity. This research has shown that opacity stemming from different 

sources should not be treated as having a similar effect on trust. Even opacity stemming from the same 

source can have differing effects on the dynamics of trust depending on the context in which it is 

embedded, as experience with the LIJ has now shown. Opacity stemming from high-dimensionality, 

however, is likely to impact the dynamics of trust as even employing so-called interpretable algorithmic 

methods can be perceived as opaque by a layperson. Furthermore, high-dimensionality is likely to obstruct 

the building of mental models, a mechanism for establishing trust which has been shown as having been 

central to the establishment of trust of users in the LIJ. 

This research also showed the varying effect of proxies in the establishment of trust. While proxies might 

play a role in the a priori establishment of trust, the extent to which they are able to do so fully depends 

on the value that is ascribed by the assessor to these proxies. It is unlikely that any one proxy for trust is 

universally able to convey trust, even though in this research, the effect of institutional check and balances 

along with money spent on development of the LIJ seemed to come close. Perhaps the most universal 

proxy for trust is adherence to similar epistemological paradigm of the assessor and the method of risk 

assessment.  

Relating to the specific context of child welfare services, the lack of feedback loops inherent to the 

assessment of problems such as recidivism and especially sexual abuse obstructs the objective assessment 

of technical competence by the assessor. In light of this, assessors in the case of the LIJ substituted objective 

measures for their own cognitive, and likely flawed, assessment of risk present in any given case. This likely 

doesn’t bode well for the use of algorithmic risk assessment tools like the Living Labs instrument, which is 

specifically developed for application in areas where human assessors generally fail.  
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6 Discussion  
This research aimed to align itself with developments within the public sector surrounding ever more 

prevalent use of data analysis and risk assessment and the somewhat underexposed field of research into 

user perception on these new tools. By conducting research within the RvdK, this research was able to 

make use of the organizations years of experience in working with risk assessment tools and current 

experimentation with algorithmic risk assessment instruments. Through performing qualitative research in 

the form of semi-structured interviews with child welfare services professionals, the results aimed to 

answer the research questions set out in the first chapter:  

What factors influence the trust of users in algorithmic risk assessment tools in the context of child 

welfare services? 

In answering this research question, this research took a grounded theory approach. First was a thorough 

discussing of established theory on trust in human-automation relations and a subsequent discussion on 

how the specific technological and situational characteristics might impact the dynamics of this trust 

relation as derived from literature. In doing so, Chapter 3 served not only to discuss theoretical background 

relevant to this research, but also helped in directing the focus of this research to areas where established 

theory fell short, where the grounded theory was to be established. Both the approach taken by this 

research, as well as factors which arose during the conducting of this research, have implications for the 

validity and reliability of this research, which will be discussed. 

One important characteristic of the grounded theory approach is its iterative approach to the collection 

and analysis of data. By collection of a small portion of data and performing initial analysis, subsequent 

data collection and analysis can be focused more precisely based on arising insights and theory. This funnel-

like process allows researchers to start with a broad focus and narrow this focus iteratively to eventually 

form grounded theory. This research didn’t employ such an iterative approach, mostly due to practical 

limitations like time and resources available in the form of time from RvdK researches. As such, the insights 

presented in Chapter 5 at times do not have bountiful qualitative data supporting it, limiting the extent to 

which the results can be seen as generalizable. An iterative approach could also helped in refining the 

interview protocol to more specifically skew towards the emerging insights. 

Relating to the collection of data, participants were recruited to participate through a call-to-action via a 

blog post and through random individual targeting. This resulted in a relatively heterogeneous mix of 

participants, with a age-range nearing 30 years and various levels of experience. The pool was slightly 

skewed to male participants in relation to the population. What might also have occurred is a slight skew 

towards innovators or otherwise technological optimists. The blog post was published on the RvdK’s 

innovation network on its intranet. Its reach wasn’t monitored, but it is likely that it remained within circles 

of somewhat outspoken promoters of innovation within the RvdK. The data analysis didn’t reveal surprising 
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amounts of optimism expressed to technological developments like the LIJ and Living Labs, but this possible 

skew in participants is important to make note of nonetheless. 

In performing the interviews, a semi-structured process was followed, with participants given the freedom 

to steer the discussion if so was found relevant for uncovering insights on the predefined topics of interest. 

The goal for doing so was to gain information on the interviewees truly personal experiences. This 

approach, together with the intentional ambiguity of the goals of the research, led to at times a somewhat 

vague or irrelevant discussion of the interviewee’s work-related experiences, views and opinions on the 

RvdK as an organization or complaints about the technical functioning of the lij, and in cases unrelated 

information systems. At times these discussions were difficult to contain or cut off. It also appeared that a 

subset of participants saw taking part in this research as an opportunity to voice their discontent with the 

lij and the restrictions it put on them in performing their work and responsibilities. Although these insights 

regarding affective attitude and the reasonings behind their beliefs were seen as relevant to this research, 

it would be difficult to generalize such findings, considering their motivation for partaking in the interviews.  

Inherent to the chosen research approach, the subsequent analysis of the qualitative data was somewhat 

subjective. Assigning labels to qualitative data is inherently an interpretative affair, but due to the relatively 

broad focus of the research and an explicit focus on concepts like trust and affective attitudes this became 

apparent even more so. This research was not able to draw strong conclusions from the subtext within the 

data on affective attitude, nor does it claim findings surrounding the effect of affective trust are 

generalizable. This is in part due to a somewhat cautious attitude adopted to heed concerns of this 

subjectivity and interpretative nature of such analyses. 

6.1 Recommendations for future research 
This research employed a grounded theory approach and as such was relatively explorative in nature. It 

was able to identify specific facets of the dynamics of trust as applicable to the relation between humans 

and algorithmic risk assessment tools. These results serve as indications that the prevalent theory on trust 

in automation technology doesn’t unconditionally apply to the use of such new tools within child welfare 

services. To gain a further understanding on the specific dynamics of trust in this specific context, further 

research could benefit from taking an empirical approach. 

As this research has established there to be an effect on trust by proxies for trust. This extent of this effect 

depends on the value ascribed to the proxy by the assessor, which this research made no attempt to 

quantify. Research into the value of certain proxies for trust held by RvdK investigators would be relevant 

to come to an effective facilitator of a priori trust in new risk assessment instruments. Furthermore, this 

research put into question whether RvdK investigators would at all be willing to use a risk assessment 

instrument to base their decisions upon within the civil domain. A research employing an experimental 

design could investigate the tendency or willingness to be influenced by the assessment of an algorithmic 
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instrument such as the Living Labs. Another avenue for future research would be to investigate emerging 

research on transparency and explainability of complex algorithms as shortly touched upon in Section 3.3.3 

and their influence on trust through facilitating understanding of process or individual predictions. 
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Appendix I 

 

Figure 3 - An example of a graphical representation of recidivism risk as given by the LIJ. 
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Appendix II 

 

Figure 4 - A sensitivity-specificity analysis for the Living Labs algorithm. 
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Appendix III 
Interview section: Pertaining 

to: 
Question (Q) – Explanation (E): 

Introduction  E- Introduction of interviewer, research topic and interview intention. Note how information 
gathered in the interview will be used and reported, explain confidentiality of results. 

 Q- Introduction of interviewee, what is your current role within the organization, 
educational background and experience within the RvdK and similar organizations? 

Living Labs A priori 
affective 

stance 

E- Introduce the effort of the Ministry for Justice and Safety to approach existing problems 
with innovative data techniques, algorithms developed to tackle the detection of sexual 
abuse within investigations. 

 Q- How would you envision the usage of such a tool within civil investigations? 

 Q- What value could such algorithms bring, in your opinion?  

 Q- What risks could such algorithms bring, in your opinion? 

 Opacity & 
information 

provision 

E- Present interviewee with both algorithm texts. 

 Q- Were the texts you just read clear to you? 

 Q- Reading the information on both algorithms, which one would be better suited to 
uncover the presence of sexual abuse within investigations? Can you explain your choice? 

 Q- Can you tell me what information from both these texts stand out, to you? Can you  
explain why this is the case and what this conveys to you about these algorithms? 

The LIJ A priori 
affective 

stance 

E- While the previous algorithm might seem a bit foreign to you, the RvdK has worked for 
years with algorithmic risk assessment tools, namely the LIJ. I want to briefly discuss your 
training and earliest experiences with the LIJ with you.  

 Q- Do you see the LIJ as an algorithm like those discussed previously? 

 Q- Can you shortly tell me why the LIJ was introduced? 

 Q- Can you tell me what your initial stance was towards the LIJ when it was first introduced? 
Has this stance changed over time? 

 Q- What was your view on the potential value or risks it could bring to the youth judiciary 
process? 

 Initial 
learned 

trust 

Q- Before starting to work with the LIJ, what information was provided to you on the 
system? 

 Q- How did this information help you understand the LIJ and why it was the right tool to 
assess the risk of recidivism? 

 Q- Did you actively gather information on the LIJ outside of training (e.g. colleagues)? If so, 
from where did you gather this information? 

 Analogical 
process of 

trust 

Q- Do you know how the LIJ was developed? On what data was the LIJ developed? 

 Q- In your opinion, how well suited was the developer of the LIJ to model the assessment of 
recidivism risk?  

 Q- In your opinion, how well did the method and data used in the development reflect the 
assessment of risk of recidivism among youth. 

 Analytical 
process of 

trust 

Q- Do you understand how the LIJ calculates its dynamic risk profile in instruments 2A & 2B? 
Can you shortly explain this? 

 Q- Do you understand how the LIJ calculates its static risk profile in instrument 1? Can you 
shortly explain this? 

 Opacity Q- Does it occur that the static risk profile you receive before your investigation doesn’t 
corroborate your own initial assessment? How does this impact your assessment process? 
How does this influence your opinion on the system? 

  Q- Does it occur that the dynamic risk profile the system calculates after your investigation 
doesn’t corroborate your own assessment? How do you make sense of this happening? How 
does this influence your opinion on the system? 

  Q- Does the opacity of the calculations influence your interaction with and opinion on the 
system? In what way? 

Comparison Situational 
trust 

Q- Do you think the assessment of risk of sexual abuse is very different from the assessment 
of risk of recidivism? Why do you think this? 

 Q- How do these differences affect the algorithmic risk assessment in civil investigations 
versus judiciary cases? 

 Q- Is the opacity of algorithm A [developer’s expertise information] different from the 
opacity of the LIJ? Can you explain your answer? 

Closing  Q- Is there anything you would like to add that hasn’t been discussed during the interview? 
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Appendix IV 
Algoritme A 

Algoritme A is ontwikkeld om kindzaken te analyseren om het risico op seksueel misbruik binnen deze 

zaken te beoordelen. Dit algoritme is ontwikkeld door een gespecialiseerd team van data scientists van het 

Nederlands Forensisch Instituut (NFI) in opdracht van het Innovatie team van de Raad voor de 

Kinderbescherming. De ontwikkeling is onderdeel geweest van het door het Ministerie van Justitie en 

Veiligheid opgezette Living Labs, een programma om problematiek binnen de werkteams te benaderen 

met nieuwe, data-gedreven technieken. De ontwikkeling vond plaats over een rijd van 3 maanden in begin 

2018, gedurende er regelmatig terugkoppeling plaatsvond naar de Raad voor de Kinderbescherming om 

de kwaliteit en prestaties van het algoritme te waarborgen. Het algoritme is gebaseerd op 4000 

raadsrapportages, geschreven en gepubliceerd in KBPS tussen 2013 en 2017, waarvan het, door middel 

van “machine learning”, heeft geleerd seksueel misbruik in een zaak te herkennen. De score wordt 

uiteindelijk weergegeven op een schaal van 0 tot 1 (0, laag risico, 1 hoog risico). 

 

Algorithm A 

Algorithm A was developed to analyse child investigations and assess the risk of sexual abuse present 

within these cases. This algorithm was developed by a specialized team of data scientist of the Dutch 

Institute for Forensics (NFI), commissioned by the Innovation team of the Raad voor de Kinderbescherming. 

The development of this algorithm was a part of the newly set-up Living Labs initiative within the Ministry 

for Justice and Safety (MinJenV) aimed at tackling various persisting problems within the different teams 

of the Ministry by applying innovative data technologies. The development took place over the course of 

3 months early 2018, during which the RvdK and development team of the NFI frequently reflected on the 

project to ensure the quality and performance of the algorithm. The algorithm is based on 4000 child 

investigation reports published in KBPS between 2013 and 2017, through which, by employing “machine 

learning”-techniques, it learned to recognize sexual abuse within investigations. The final score the 

algorithm gives is on a scale of 0-1 (0, low risk, 1, high risk). 
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Algoritme B 

Algoritme B is een logistisch regressie algoritme. Dit wil zeggen dat het algoritme een aantal inputs neemt, 

deze vermenigvuldigt met een bepaalde weegfactor om vervolgens deze bij elkaar op te tellen om tot een 

totale risicoscore te komen. De inputs van het algoritme zijn individuele woorden en 2-woord-combinaties 

die voorkomen binnen teksten zoals raadsrapportages. De weegfactoren zijn berekend door te kijken naar 

raadsrapportages die gelabeled zijn met wel of geen seksueel misbruik. Woorden en 2-woord-combinaties 

die vaak voorkomen in zaken met seksueel misbruik en minder in zaken zonder misbruik hebben een 

grotere weegfactor en diegene die minder voorkomen in zaken met seksueel misbruik een lagere, zodat 

dit resulteert in een hogere risicoscore. Er wordt gecorrigeerd voor de totale lengte van een tekst, zodat 

het niet voor kan komen dat een tekst van 20 pagina’s automatisch een 10-voudige risicoscore heeft dan 

een rapport van 2 pagina’s. De score wordt uiteindelijk weergegeven op een schaal van 0 tot 1 (0, laag 

risico, 1 hoog risico). 

 

Algorithm B 

Algorithm B is a logistic regression algorithm. A logistic algorithm, like a mathematical formula, takes any 

number of numerical inputs and multiplies these inputs with a certain weighing factors to finally add these 

up to reach a final score. The inputs of the algorithm in this case are the number of times certain words or 

2-word-combination appear in the text, like that of a child investigation. The weighing factors were 

calculated by looking at published child investigations that were labelled either to contain or not contain 

sexual abuse. Words and 2-word-combinatinos that frequently appeared in cases with sexual abuse 

obtained a higher weighing factor than those that did not as frequently appeared, or more frequently 

appeared in cases with no sexual abuse. This results in a higher final score for those cases with a higher 

similarity in word appearances than. The scores are adjusted for the length of a text, so that it doesn’t 

occur that a text of 20 pages does not obtain a 10-fold higher score than one of 2 pages. The final score is 

on a scale of 0 to 1 (0, low risk, 1, high risk). 
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Appendix V 
Attitudes/ 

Beliefs 
General technology 

 
 
 
 
 

Anything is possible with modern technology 
Humans will become complacent 
More technology reduces job satisfaction 
Not using scientific evidence is naïve 
People will not believe algorithms 
Understanding is important for accountability 
Understanding of purpose reduces resistance 

Child welfare sector Child welfare is ‘human work’ 
Child cannot/shouldn’t be reduced to numbers 
Child welfare is inherently unmeasurable 
Every situation/child is unique 
Experiences research as most rewarding work 
Goal of safety warrants anything 
RA should never be whole investigation 
RvdK should experiment with/embrace technology  
Story is more important than risk score 

General risk assessment Algorithms are ill suited for risk assessment of sexual abuse 
Algorithms can’t replace humans (in assessing risk) 
Civil domain is suited for RA 
Civil domain is too complex for RA 
Dynamic RA is more important than static 
Expresses opposition to RA use in civil domain 
Human assessment is most important 
RA leads to better consistency 
Risk factors don't entirely represent risk 
Statistics/averages don't represent reality 

Specific risk assessment Experiences LIJ as a forced protocol 
Experiences LIJ as restrictive 
Experiences LIJ as time consuming 
Expresses negative stance towards LIJ 
Expresses positive stance towards LIJ 
LIJ is a scapegoat for all IT problems 
LIJ is more useful for scientific research than child welfare 
LIJ report is of lower quality than normal report 
LIJ takes away joy 
Shows defeat, reluctant acceptance of new technology 
Shows hesitance towards LL 

Trust processes Analogical reasoning Amount of data relates to quality 
Amount of money spent relates to quality 
Comparing LL to LIJ (makes LL understandable) 
Experience of developers relates to quality 
History of bad data quality indicates quality 
‘Machine Learning’ indicates quality 
Multitude of developers involved relates to quality 
Organizational ‘checks’ relate to quality 
‘Scientific validation’ relates to quality 

Analytical reasoning Exploratory behavior leads to understanding 
Process of B too complex to understand 
Questioning data reliability 
Questioning performance 
Questioning relation of input to intent of system 
Seeks/requires more information on process 
Tracing back (deviant) output to input 
Value of individual characteristics of process 

Preference Algorithm A 
Algorithm B 

Opacity Type (source) Secrecy 
Technical illiteracy 
High-dimensionality 

Beliefs Lack of transparency obstructs investigations 
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 Transparency lessens resistance 

Effects Leads to questioning accountability 
 Negative effect on affect by secrecy 
 Assuming technical competence 

PreSelect Performance Based on incorrect data 
Discarding score entirely 
Not reliable 

Understanding Ambiguity of explanations 
Difficult to account for 
Unfamiliar with system inputs 

Usefulness Score can't be used to act upon 
Useful as initial indication 
Useful when it gives leads for investigation 

Situational 
characteristics 

Framing of task Civil domain focusses on resolving risks i.e. Detection 
Criminal domain has clear delineation of tasks/responsibilities 
Differing position of investigator in civil domain 
Justice chain designed for structured processing/assessment 
Lack of delineation in civil domain  
Many possible present problems in civil domain 

Task complexity Ambiguity of signals (of abuse) 
Changing responsibilities within civil domain 
Clearer structure and goal in criminal domain 
Criminal domain more facts-based 
Different problems in civil domain require different approaches 
Lack of aggregated information in civil domain 
More complex, multi-dimensional cases in civil domain 
More focus on environment of child in civil domain 
Social context is inherently ambiguous 
Well trained professionals miss signals 
Younger children in civil domain 
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Ease-of-use  Complexity leads to time strain 
LIJ introduces administrative hassle 
LIJ not intuitive 
LIJ’s complex setup leads to resistance 
Many bugs and system quirks 
Unfamiliarity creates barrier  

Level of control  Ability to nuance input in text  
Freedom detracts from consistency 
Increasing automation decreases focus of investigator 
LIJ allows for exploratory behavior 
LIJ’s structure forces separation into domains 
LIJ’s structure limits nuance 
Limited in capturing multi-dimensionality 
Strict structure increases self-reliance 
Strict structure obstructs investigation 
System allows for manipulation 

Perceived 
benefits/risks 

 Acting on scientific evidence increases reliability 
LL could lead to 'overdiagnosis' of abuse 
LL could help guide investigations 
LL could help in early detection 
LL could help take subject out of obscurity 
RA mistakes become programmed into 
RA reduces focus on child behind the numbers 
RA/autonomy leads to complacency 
Using RA increases consistency 

Performance Assessing 
performance 

Initial Assuming competence of developers 
Assuming scientific validation 
Information is available, not used 
Lack of training leads to resistance 
LIJ training focusses on system interaction 
Unfamiliar with development information 

Dynamic Ambiguity of inputs affects performance 
No feedback on outcomes in cases 
Output used to reflect on own assessment 
Reality never fully represented by output 
Small deviations not notable  
Varies between domains 

Dealing with 
deviant 

performance 

 Consecutive failings lead to rejection 
Deviant performance spurs information seeking 
Deviant performance spurs input manipulation 
Deviant performance stems from case complexity 
Deviant performance stems from own mistakes 
Output less relevant than process 

Understanding  LIJ's process/criminogenic factors are familiar 
Relation of LIJ input to risk is intuitive 
Understanding enables manipulation 
Understanding increases predictability 
Understanding stems from interaction 

Usefulness  LIJ assists own assessment process 
Easy to understand reports 
LIJ facilitates information sharing 
LIJ gives guidance to investigators 
LIJ saves time 

 


