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ABSTRACT
This discussion paper reports on the proceedings of a workshop entitled ADM in child and family
services: Mapping what is happening and what we know on 24 November 2020. This workshop
brought together international experts and on-the-ground sector stakeholders to provide an
overview of what automated decision-making is being used in child and family services and what it
means to service providers, professionals and service users. Philip Gillingham presented on ADM in
child and family services in Australia and beyond, Joanna Redden on her research mapping ADM in
Child and Family services in the UK. Rhema Vaithianathan's presented on her work designing
predictive analytics systems for the child and family services sector in the United States. Carol
Ronken from advocacy organisation Brave Hearts talked about both the opportunities for ADM to
enhancing child safety, as well as its challenges. The presentations were followed by a round table
discussion that is summarised in the report. The workshop and this discussion paper aim to provide
baseline knowledge for further research in this emerging and rapidly changing area.
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1. INTRODUCTION
Prof Paul Henman
The purpose of this discussion paper is to report the proceedings of a workshop on automated
decision-making in child and family services which was conducted as part of the ARC Centre of
Excellence for Automated Decision-Making and Society’s (ADM+S) Social Services Workshop series.
The workshop was hosted by the University of Queensland on 24 November 2020. This workshop
aimed to bring international experts together to provide an overview of what automated decisionmaking is happening in child and family services and what it means in the sector. It is hoped that this
discussion paper provides baseline knowledge for further research in this emerging and rapidly
changing area.
This discussion paper is organised into four main sections, which reflect the proceedings of the
workshop. The first section provides an introduction to the ADM in Social Services research
conducted by Paul Henman, who hosted the workshop at the University of Queensland, and offers
definitions for the terms ADM and a brief outline of Child and Family services. This is followed by
summaries of each of the keynote presentations of cutting-edge research on ADM in child and family
services. A summary of Philip Gillingham’s presentation of ADM in child and family services in
Australia and beyond, drawing on Philip’s work on Structured Decision-Making in the sector, is
followed by Joanna Redden’s research presentation on mapping ADM in Child and Family services in
the UK. Finally, Rhema Vaithianathan’s presentation regarding her work designing predictive
analytics systems for the child and family services sector in the United States is summarised. The next
substantive section of the report is a summary of Carol Ronken’s presentation detailing her
observations from the field of child and family service practice in Australia. The final main section of
the report summarises the round table discussion that followed the presentations in the workshop.
In this section, some key topics/concerns that were discussed are presented in the form of
transcripts and organised under key headings with the intention of providing an indication of key
research needs for a future research agenda.
Watch the event recording on YouTube.
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About the ADM+S Centre
The ARC Centre of Excellence for Automated Decision-Making and Society (ADM+S) brings together
universities, industry, government and the community to support the development of responsible,
ethical and inclusive automated decision-making. The Centre has identified a number of substantive
areas through which to focus our research over the seven years. One of those primary areas of focus
is that of social services. In its first twelve months, the Centre will conduct several workshops with
this being the first of the series. The workshops have been designed to build a knowledge base that
will inform the Centre’s research programs, engagement and impact. The social services focus areas
that will be included beyond this particular event are:
social security and income support (held 5 May 2021)
disability services (held 20 September 2021)
migration services
criminal justice

What does social child and family services mean and what does
automated decision-making mean?
Child and family services covers a wide range of services. Typically, child protection focuses on
identification and management of child abuse and neglect and includes out of home care, parenting
education and training and family support. The sector has human service professionals contributing
both as state and non-state actors. Child and family services are a State (regional) responsibility in
Australia. In addition to child protection, Australian governments have increasingly created advocacy
services such as Children's Commissioners and children's rights agencies.
Automated decision-making (ADM) is the use of digital technologies and algorithms to automate all
or parts of human decision-making. In areas of child and family services risk assessment has been a
key part of professional practice in which ADM has been increasingly deployed. Risk assessment is
very much focused on decision support skills tools, but there are other areas where we believe
automated decision-making may become helpful in the area of child and family services. These other
areas where the implementation of ADM may be beneficial are canvassed and critically examined
within this workshop.
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2. KEYNOTE PRESENTATIONS
ADM in Child and Family Services: Mapping what is happening and
what we know
Dr Philip Gillingham, The University of Queensland

My interest in ADM
My PhD research, completed in the early 2000s, focused on how Child Safety Officers (CSO) in
Queensland employed Structured Decision-Making (SDM) tools and found that they were not being
used as intended. The SDM tools were embedded in an electronic information system (IS) and so,
more broadly, I also conducted research about how CSOs used the information system.
From 2013-2015, I held an Australian Research Council Discovery Early Career Research Award to
research how IS might be better designed to support rather than hinder social work practice. During
this time, and in response to the rapid development in the field, my attention turned to how the data
that was accumulating in IS was being used, particularly for predictive modelling. Since 2017, I have
held an Australian Research Council Future Fellowship, to continue this work.
My research has identified some jurisdictions that are implementing, or have implemented ADM
technologies, as well as some key issues that have emerged:

Where ADM is being (or touted to be) used in child and family services
Aotearoa/New Zealand
Around 2014, Aotearoa/New Zealand attempted to develop a Predictive Risk Model. However, it was
discontinued and did not reach trial stage (Vaithianathan et al 2013; Gillingham 2016). A key point to
derive from this example was that the category of ‘substantiated cases’ contained many children who
had not been maltreated, hence predicting ‘substantiation’ is not the same as predicting
‘maltreatment’ (Gillingham 2016). Further, it should be noted that the main predictors identified
within the PRM were the relationship status of the caregiver (single parent), the caregiver’s care and
protection history as a child, and the care and protection history of other children in the family
(Gillingham 2017).
England
The What Works Centre for Children’s Social Care worked with four local authority child protection
services to test eight predictive models built using both structured and unstructured data (textual
analysis). None of their models were considered to be sufficiently accurate in their predictions to be
of any use in practice. (Clayton et al 2020; Denzik et al 2018)
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Other approaches to ADM in child protection have sought to provide integrated databases to support
child protection decision-making. Some examples are identified below.
At Bristol Integrated Analytical Hub:
The Troubled Families programme was launched in 2011 to help families who struggle with factors
such as unemployment, crime and poor school attendance. Think Family identified families facing
issues such as, parents and children involved in criminal or anti-social behaviour; children not
attending school regularly; children who need help; adults out of work or at risk of financial
exclusion, and young people at risk of worklessness; families affected by domestic violence and
abuse; parents and children with a range of health problems. (Denzik et al 2018, p.27)
Another location was the Camden Resident Index:
The Camden Resident Index is a data management system utilising software supplied by IBM that
allows for a ‘single view of a citizen’ by aggregating data from sixteen different council business
systems across Camden Council, covering 123 fields of primarily demographic information….. The
Camden Resident Index is used by the Multi-Agency Safeguarding Hub to locate information about a
household’s engagement with services across the Council. A key use of the index is to enable fraud
detection, such as validation for residency and for accessing council services such as school places,
the number of residents in a household eligible for a council tax discount, or in cases of illegal
subletting of council housing. (Denzik et al 2018, p. 48)
At Manchester’s Research & Intelligence Database:
Manchester City Council is using a system it calls the Manchester Research & Intelligence Database to
identify families in need of support and to enable caseworkers to access information more quickly
than previously, and to enable the collection and analysis of data to assess services and impact. The
Council developed the system by buying an IBM product called iBase. The approach to using the
system has been developed internally and its aim is to empower ‘lead professionals to make the best
use of data they are legally able to see, and is not about replacing decision-making or interpretation
with system algorithms or decisions’. The stated aim sought to enable a more ‘holistic’ understanding
of people, needs and services. Future goals include developing decision-making tools, building
performance reporting tools, building threshold and alerting tools and rolling the system out to more
users, as well as connecting more data. (Denzik et al 2018, p.26)
Finally, in Hackney’s Early Help Profiling System:
In child welfare, Hackney County Council worked with Ernst & Young (EY) and Xantura on the use of a
system to identify children at risk of maltreatment and families who need additional support. The
system was called the “Early Help Profiling System” (p. 55) however it was subsequently discontinued
in 2019 after a councillor alerted the media and there was public outcry regarding potential invasions
of privacy.
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USA
In Chicago, a Rapid Safety Feedback program was withdrawn after it started to make increasingly
mistaken and bizarre predictions. The program had been developed by a private company with no
public scrutiny.
In Pennsylvania, a Family Screening Tool (FST) was used in Allegheny County. However, practitioners
are already second-guessing FST outcomes, and parents have shown concern about the inclusion of
‘previous involvement’ as a predictor of future abuse/neglect. Eubanks (2018) and Gillingham (2020)
have also discussed the Allegheny Family Screening Tool. Two external evaluations have been
conducted into the Allegheny Family Screening Tool (Allegheny County Department of Human
Services, 2019; Hornby Zeller Associates, 2018). See also Vaithianathan et al (2017) on the
development of the Tool.
In California, research into these types of programs has been carried out by Drake et al. (2018). Other
useful resources include the Children’s Data Network and California Department of Social Services
(2020), and Predictive Risk Modelling: Practical Considerations (2020).
For further information on Florida, Kelly (2015) serves as a useful resource.
The Netherlands
In the Netherlands, Amrit et al. (2017) developed a decision support system to support paediatricians
and other healthcare workers in Amsterdam to identify children under their care who are at risk of
maltreatment. They used healthcare records, which they claimed were complete, and both
structured data (entered into a specific field, like age, height and weight) and unstructured data (the
notes made by healthcare workers in free-text fields), an approach they claimed was unique at the
time. They assert the system is 90% accurate. As yet it has not been implemented.

How ADM is being used in child and family services (e.g. screening; decision
support; resource allocation; matching; risk assessment; risk reduction)
Some of the proponents of ADM, such as Pedersen (2019), take an extreme position and argue that
ADM could be used for all of the above functions. Pedersen (2019) argues that with recent advances
in information science, ‘relationshipism’ (his limited understanding of social work) should be replaced
by a model of service delivery he terms ‘dataism’. Indeed, Pedersen provides a good example of the
myopic debates about the use of ADM. Even if accurate and useful ADM can be developed in the
future, they will only constitute a very small part of the process of delivering and evaluating services.
Social workers still need to assess needs, identify threats to safety and develop and deliver
individually suitable interventions (Devlieghere et al, 2021).
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Legal, ethical, organisational, data challenges of applying ADM in child and
family services
Legal
No research has been conducted as yet into the legality of predictive modelling. Although the legality
of trawling through data to find and intervene in the lives of families, as happened in Hackney, may
have led to a legal challenge if Hackney had continued this practice. Prior to Brexit, handling
children’s data in the UK was subject to the General Data Protection Regulation which was applied
across the EU in 2018. The following document outlines their rules for dealing with data about
children, but the GDPR also stipulates that “the GDPR and Data Protection Act 2018 do not prevent,
or limit, the sharing of information for the purposes of keeping children and young people safe”.
HM Govt. (2018) Information sharing, Advice for practitioners providing safeguarding services to
children, young people, parents and carers (July 2018)
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file
/721581/Information_sharing_advice_practitioners_safeguarding_services.pdf
Ethical
The main concerns about predictive modelling that have arisen are related to privacy, information
sharing between agencies, and using information collected for one purpose for a different purpose
(Dare 2013; Drake and Jonson-Reid 2018; Leslie et al 2020). Useful academic commentary has been
done by Keddell (2015) and de Haan and Connolly (2014) in this regard. Algorithmic accountability, in
terms of how agencies using ADM can explain decisions and be ‘transparent’, has also been raised as
a challenge by Gillingham (2019), Binns (2017) and USACM (2017).
Organisational Data Challenges
The data in the form of case files has been criticised in terms of its completeness and whether or not
it accurately represents the realities of social work practice. Machine learning using data created by
humans and collated within administrative structures may just end up replicating the biases of
previous practice. There is also the problem of using ‘proxies’ for child maltreatment or the risk of
child maltreatment, such as re-notification and substantiation, as they may lead to tools that predict
administrative processes rather than actual maltreatment. Salganik (2018) suggests that the accuracy
of predictive modelling might be improved by developing ‘custom’ datasets which collate
information about the factors and processes which research has shown are associated with the
phenomenon to be predicted. See also Gillingham (2020a; 2020b; 2019; 2015a; 2015b).

Professionals and administrators’ engagement with ADM
In my PhD research regarding how the Structured Decision-Making tools were used in Child Safety, I
found that although it appears that the tools were used in decision-making (data had to be entered
to proceed through the workflow of the information system), the metadata (backed up by interviews
and observations) showed that the forms were filled in some time after decisions were made.
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Workers had to go through the workflows to ‘close’ a case and that was when the SDM tools were
engaged with. This is due to a myriad of reasons, such as static variables (factors that will never
change, for example, having been an illicit drug user/suffered mental illness or involved with the
police). A key theme was that the SDM tools were good at ‘stating the obvious’ but were not helpful
in complex cases, where support was required. See Gillingham (2011; 2009a; 2009b) and Gillingham
and Humphreys (2010) on these points.
My PhD research provides possible hints as to how ADM in child welfare might be regarded by
workers. However, the research was completed 13 years ago and further research is required to
account for changed contexts, cultures and ADM. Nevertheless, the Chouldechova et al. (2018)
article begins to shed some light in this area reporting that 25% of recommendations by the
Allegheny Family Screening Tool are over-ridden.

Users’ understanding and experience of processes that involve the use of ADM
With the exception of Eubanks’ (2018) chapter, there is little research about how services users in
child welfare understand and experience ADM. 1 Problems may arise when citizens demand to know
how ADM affects decision-making.

Data and research knowledge used to develop ADM
As outlined above, it is mainly administrative data that are used to develop ADM. Research regarding
the etiology of child maltreatment, for example, is rarely considered. One of the reasons for this is
that, from an information science perspective, it does not matter what researchers might find
because the real ‘answer’ is in the data. The correlates that a machine learning exercise identifies
within a large set of data is given exalted authority. This tendency is linked to debates about the end
of ‘theory’ in the context of big data. However, the administrative data from welfare agencies is often
incomplete and provides a solely administrative account of assessment and service delivery. At most,
administrative data only provides a very partial account of what happens, for example, in cases of
child maltreatment.
One of the key challenges in developing ADM is identifying what factors are predictive (causal rather
than just correlated) and how they can be best captured, categorised, and analysed.

Exceptions include, for example, impact evaluation and process evaluation for AFST and RCT results for Douglas County Decision Aid
https://csda.aut.ac.nz/__data/assets/pdf_file/0012/504102/Douglas-RCT-Final-Report-210211.pdf

1
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Emerging thoughts… and potential controversy
In the world of information science, software is often referred to as a ‘solution’. In order for it to be a
‘solution’, it follows that there was a problem to be solved in the first place. With ADM in child
protection services, the ‘problem’ is conceived as decision-making, including risk assessment, which
research has demonstrated can be subjective, biased and inconsistent. ADM is promoted as the
solution which will address these problems and improve decision-making. The SDM tools that were
introduced in Queensland for this very purpose made no discernible difference to child protection
services. Within a few years, the service was considered to be ‘in crisis’ again, to the extent that it
was deemed necessary to conduct yet another lengthy and expensive review followed by a reorganisation.
While I agree that decision-making in social work can always be improved, a recent project about
children killed by their parents reminded me that, most of the time, social workers are capable of
making good decisions and can continue to do so as circumstances change and new information
comes to light. The inconsistency of decision-making in social work has frequently been invoked as a
reason to develop decision-making tools. Inconsistency is usually identified by looking at patterns in
the data about service delivery. However, taking a closer look at what social workers actually do, and
in particular the context in which they do it, reveals that what appears as inconsistency from afar is,
up close, pragmatic decision-making.
ADM in social work is in its infancy and thus far there has been little success. Considerable
investment is required to develop ADM to the point where useful tools can possibly be produced. A
key question to consider therefore, is whether such an investment would lead to commensurate
improvements in service delivery. To paraphrase Hollnagel and Woods (2005), as a new form of
technology, ADM would have to meet either or both of the following criteria: firstly, ADM would
need to improve work performance significantly (better decision-making) and secondly, ADM would
need to make possible some task or function that cannot currently be done (mapping of future
service needs).

Provocations
When researching emerging forms of ADM in social services, the following questions should be
perpetually emphasised.
Why do we need ADM in child protection services?
Will ADM ever be as accurate as practitioners?
Does ADM oversimplify the complexities involved in dealing with child maltreatment?
Will ADM simply ‘state the obvious’ and therefore can it be helpful in extreme cases?
Irrespective of how ADM might be used, decision-making is only a very small part of
dealing with child maltreatment. Is ADM worth the investment?
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Datafied Child Welfare Services: Politics and Policy
Assistant Prof Joanna Redden, University of Western Ontario (Canada)
It was a pleasure taking part in this event, hosted by the ARC Centre, to map what is happening and
what we know about the use of automated decision-making systems in child and family services. At
the Data Justice Lab (datajusticelab.org), we have been mapping and analysing government uses of
data systems with a focus on uses of predictive analytics. In this short summary I draw on research
that has been published in our ‘Data Scores as Governance’ report (Dencik et al. 2018) as well as
research that discusses the political implications of uses of predictive analytics in child welfare in the
UK (Redden et al. 2020). Our research in this area has involved the use of multiple methods. In short,
these methods include: scraping relevant documents from government and media sites; multistakeholder workshops; freedom of information requests (423); six case study investigations; and
interviews with system developers, practitioners and civil society groups. We built the data scores
tool to make our information publicly accessible and to enable further research (data-scores.org).
In the UK, predictive data systems have been trialled or remain in use in Thurrock, Newham, Tower
Hamlets, Somerset, Hackney and Bristol. The What Works Centre for Social Care partnered with the
Office of the Children’s Commissioner to research risk scoring systems in four councils that have not
been named. We are also aware of another council that piloted use of predictive analytics for child
welfare and decided not to proceed with using the system.
Our research shows that in relation to child welfare, different UK local authorities have taken
different approaches to the use of data technologies. Three of our six case study investigations
involved local authorities’ use of data systems in the area of child welfare, only two of these systems
involved predictive risk assessment.
The Bristol Integrated Analytical Hub is a system developed in-house that makes use of a database
that consolidates 35 social issue datasets from about 54,000 families. Initially the Hub was created as
a ‘data warehouse’ in response to the Troubled Families programme. After the data warehouse was
developed the Bristol team began looking into ways to predict future needs and created a model for
predicting child sexual exploitation, developing a risk score for all young people in Bristol.
Hackney trialled the Early Help Profiling System through a partnership with Ernst and Young and a
company called Xantura. This System was used to identify children at risk of abuse or neglect. The
system used ‘a predictive risk model which brings together data from multiple agencies’. The system
used a model that analyses data so that monthly risk profiles are sent to social workers for those
families identified as most in need of intervention.
Manchester purchased an IBM system called iBase and then modified and developed it according to
their needs. Their system is called the Manchester Research & Intelligence Database and it is used to
identify ‘troubled families’ and help caseworkers working with these families. The aim of the system
according to developers is to make it possible for workers ‘to make the best use of data they are
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legally able to see’. As of 2016, the data warehouse that Manchester created combines 16 datasets,
and caseworkers are able to access data going back five years. As with Bristol, the stated aim is to
enable a more ‘holistic’ understanding of people, needs and services. Unlike Bristol and Hackney, the
Manchester system did not do family level prediction at the time of our research. Although it was
noted that future goals include developing decision-making tools and alerting tools, it is not clear if
these will perform risk assessments.
In our research we discuss the political and policy implications of these systems by using Kitchin and
Lauriault’s data assemblage as a framework of analysis (Kitchin 2014, Kitchin and Lauriault 2014). We
argue that our analysis demonstrates why these systems must not be considered neutral decision aid
tools and should instead be viewed as situated technologies tied to complex assemblages of people,
practices, policies, politics, and technical artefacts. We find that local authorities are turning to these
systems largely because of the austerity program introduced by the Conservative government, post
financial crash, which saw some local authorities see their budgets cut by as much as a third. As a
result, local authorities are trying to help more people with less. The systems are viewed as a way to
provide more targeted services. The austerity program itself reinforces a long-standing neoliberal
logic which promotes reduced state services. The use of these systems to target resources to ‘most
need’ cases in practice reinforces the idea that there needs to be a narrowing of support provided.
The use of ‘risk assessment and scoring’ data tools also further embeds a logic of citizens as risks and
an emphasis on individual responsibility rather than a focus on wider social economic causes of
family crisis.
The British Troubled Families program is a driving force. This policy initiative compels local authorities
to identify families that meet a number of criteria in order to be labelled ‘troubled’. Once labelled
there is an ability to access more resources. The policy and program compel local authorities to link
up datasets about people. The program itself has been widely criticised for individualising social
problems and stigmatising families. Concerns are being raised about a lack of attention paid to the
impact of extensive data collection and sharing on people subject to these systems. Rights
organisations are raising concerns about implications of this kind of labelling in a datafied landscape
when it becomes easy for labels to stick with people and become amplified. Legally, local authorities’
duty of care responsibility is the main justification being used for predictive risk assessments, but this
is being challenged by some who argue for greater debate about the need for rights protection
particularly in light of limited to no impact assessments. We also find local authorities taking different
approaches to consent for data use, with some seeking consent to use people’s data and others not
doing so.
There is a growing data marketplace that requires attention. Each local authority analysed engaged
differently with the larger data marketplace. Our research also identified differing attitudes about
the appropriate role for private tech companies in the area of social care that has consequences for
differing levels of transparency.
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In the area of predictive analytics, we found a lack of information available about how the use of
these systems affect resource allocations and decision makers. We raise concerns about the lack of
investigation into the impact of these systems on families and children. Engaging with these
questions will become more pressing as the data marketplace for child welfare and social care grows.
We found differing levels of transparency, accountability and oversight which also requires greater
attention.
The use of data lakes and predictive data systems need to be considered as part of ongoing efforts to
modernise and rationalise the way social workers collect information and make decisions through the
introduction of various computational technologies over the last number of decades. Previous
research has highlighted how these information systems can limit ways of knowing (Gillingham
2015a, Keddell 2015, Munroe 2010, White et al. 2010) which in turn limits the potential of this data
to be used for prediction. We find the turn to predictive technologies in social care as a continuously
contested and negotiated space. Concerns are being raised about how uses of this technology may
transform social work, increase surveillance, entrench hierarchies of knowledge and an emphasis on
quantification over relationships. Since our report was published, research by the What Works for
Children’s Social Care Centre has raised concerns about the accuracy and effectiveness of predictive
technologies in social care (Clayton et al. 2020).
In conclusion, our research points to the political and economic factors influencing the development
of data systems in social care and why these systems must not be considered neutral decision aid
tools. We detail how systems of thought, ownership structures, policy agendas, organisational
practices and legal frameworks influence the way data systems are developed. There is a general
trend toward greater data sharing in social care but also differences in perspectives about rights and
the value of predictive technologies which demonstrates the need for greater and more widespread
and inclusive debate about the use of predictive systems. There is far too little attention given to the
need to investigate the impact (both intended and unintended) of these systems on families. This
research points to the need for policy makers to engage with fundamental questions of power
dynamics, rights, and participation.
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Developing ADM technologies in Child and Family Services
Prof Rhema Vaithianathan, Auckland University of Technology
Professor Rhema Vaithianathan’s contribution to this discussion of the use of automated decisionmaking (ADM) and machine learning models in child and family services, is informed by her work in
developing and implementing decision support tools with a number of government agencies
operating in this complex area. This work has been developed with researchers at the Centre for Data
Analytics (CSDA), at Auckland University of Technology (NZ) and The University of Queensland.

CSDA research context: Automated Decision-Making vs Decision Support
Tools
Researchers at CSDA have developed several predictive analytics tools that are being used by
governmental agencies — including departments in Allegheny County and Douglas County in the US
— to help inform decisions about child welfare, family support and homelessness programmes.
Critically, it should be noted that these tools have not been designed to automate or replace
decision-making by frontline workers in these agencies. The intended function of these tools is to
make use of available administrative data and provide additional timely and meaningful information
to frontline workers to support better, more informed decisions.
Using this approach, CSDA researchers are developing tools that support timely, quality decisionmaking in complex areas, such as social services, while retaining “the human in the loop”.
CSDA tools use predictive risk modelling (PRM) which gathers and collates data from a range of
sources (such as child welfare and public welfare eligibility systems) and then processes this data to
generate a screening score.

Making sense of available data: How Predictive Risk Models are being used in
child and family services
Two of the US counties that CSDA researchers are working with are using PRM tools and the resulting
screening — or risk — score to help triage calls relating to child maltreatment and neglect. The
significance of this sort of usage to support decision-making in child and family services is that these
tools can process a lot of information quickly.
Often these frontline workers are faced with making a decision about a child who may have already
had multiple referrals or removals and who may have a complex family and case history, and
therefore the frontline worker may struggle with information overload. This information overload is
paired with pressure to make a decision in a relatively short space of time: in triaging these calls the
average time spent determining whether or not to screen in and investigate a child and family is 10
minutes.
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Under time pressure and facing a massive amount of data to process, the risk is that the frontline
worker cannot practically make use of the available information. This is a concern shared by a
number of the agencies that CSDA works with.
As Brian Taylor, Professor of Social Work at Ulster University, has noted: “[Child welfare]
organisations emphasise gathering all the relevant information … what use is to be made of the
information is a matter for professional discretion.” (Taylor, 2017)
PRM tools can rapidly process large amounts of data and use this information to generate a useful
indicator of the risk of maltreatment and neglect. They can also quickly provide an indication of the
case complexity, alerting frontline staff to the fact a complex case history exists and that more
investigation needs to be carried out. Significantly, PRM tools summarise a large amount of data into
a single index, enabling people to access and apply the information to support their decision-making
process.
Without these tools, the default position for frontline staff facing information overload and time
pressures may be to apply heuristics or mental shortcuts to help make faster decisions. These
shortcuts can increase the risk for unconscious bias. Stanford University’s Professor Jennifer
Eberhardt (Eberhardt, 2020) has identified greater risk for unconscious bias in situations where
people are overwhelmed or pressured and are faced with making decisions in situations where there
is ambiguity and complexity.
The other driver for the development and use of PRM tools is that child welfare systems are
themselves under pressure. Data from the US shows that 1 in 3 American children will be
investigated for abuse and neglect before they turn 18. For African American and Black children in
the US, that statistic is 1 in 2. Not all children who are reported are in need of intervention but
determining which children do require intervention is complex.
The US child welfare system was designed to identify and respond to serious abuse and neglect, but
it is touching the lives of a third to half of all families. One of the reasons for this expansion of the
system — and arguably a lack of appropriate focus of resources — is because up until now we have
provided very few tools for people to make better screening decisions.
What we do with PRM is training a model using features like prior child welfare and public benefits
history and combining them using a statistical method to create a score, which is validated and
correlated to that particular population. So, unlike a lot of the actuarial and structured decisionmaking tools that are available, we build these PRMs for the population they will serve, using local
data.
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Accuracy and bias: What are the legal, ethical, organisational, data challenges
of applying ADM in child and family services?
CSDA’s PRM tools in use by frontline workers to support decision-making in the triaging of calls
relating to child maltreatment and neglect, deliver a score of between 1 and 20 to indicate a child’s
risk of removal from the home within the next two years. A score of 1 indicates a low risk and 20
indicates the highest risk of removal. Some of the key concerns that have been raised about these
scores are that too much weight could be placed on an individual score and that the score will not
always provide an accurate indication of risk.
Before discussing accuracy and bias in predictive risk models in use in child and family services, it is
necessary to discuss the bias issues that already exist in the delivery of these services.
In almost every county we work with, we see a racial disparity in how children with similar risk
(according to retrospective screening scores) are being treated. In the US, we have been able to go
back and look at the data and the screening decisions that were made about children and see that a
child with a similar risk profile who is Black is being treated or investigated more commonly than a
child who is White with the same risk profile.
Machine learning can provide a more objective, data-driven decision, although it must be
acknowledged the data a PRM tool uses may contain some inherent bias (i.e., surveillance bias may
lead to a greater number of interventions).
With our PRM tools we acknowledge the scores they generate are not always 100% accurate, but
they provide a useful prediction of a child’s risk and they support better screening decisions that
more closely correlate with outcomes. So, with our PRM tool results, it should be noted that only
50% of the children who scored 20 go on to be removed in the next two years, and there are some
children who score a 1 and go on to be removed.
However, when we go back and look at historical screening decisions and retrospectively generate
risk scores, we see that agencies were commonly screening in lots of children who had very minimal
chance of having any chronic involvement with child welfare services and screening out a lot of
children with very high risk.
In terms of implementing ethical checks and balances, CSDA is very committed to putting these in
place and has a keen focus on transparency. Drawing on other work in this area we have created the
“CSDA guardrails for PRM projects” which outline six key principles we have adopted around the
development and implementation of these models.
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human centered data science
guardrails for PRM projects
Agency leadership

Mul�-disciplinary team

Transparency and
fairness

Ethical review

Community voice

Independent
Evalua�on

Agency leadership is critical. We believe the agencies should be in the driving seat with these tools,
and even though these models can be considered complex and ‘black box’, the teams purchasing
them should require the vendors (the developers of the tools) to explain how they work.
Transparency around how these tools work is very important and CSDA publishes all its methodology
documents online.
We also focus on building multidisciplinary teams. We have people working in ethics and fairness and
disparities evaluation, and we build in an evaluation component that is independent of our group to
provide additional checks and balances. The agencies we work with often commission independent
ethics reports on our work (e.g. Allegheny Family Screening Tool: Ethical Analysis PDF)
One of the greatest concerns we have around ethics and fairness in child welfare is that of
surveillance bias. In child welfare data systems we do not have ground truth of child maltreatment,
we have what is reported into our child welfare systems. A child who is at no greater risk of neglect
or maltreatment than another child may be reported to child welfare multiple times for multiple
reasons. To counter this, we try to look for more objective “ground truth” measures of adversity
against which to validate our tools. Actual incidents of fatality or near death can provide this ground
truth universal measure of adversity because these incidents are usually reviewed by people outside
the child welfare system, and they are subject to a much more rigorous analysis.
Community voice and consultation is also an important principle in our work. The agencies we work
with lead this community engagement, but it is a critical element of our work, which draws on
participatory design and looks to engage with, and address concerns around, the use of data in
complex settings such as child and family services.
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Some CSDA projects applying Predictive Risk Modelling tools in child and
family services
Allegheny Family Screening Tool
Researchers led by Vaithianathan modelled, designed and supported implementation of this worldfirst child welfare predictive analytics tool. The Allegheny Family Screening Tool (AFST) uses rich
administrative data to generate a screening score for incoming calls alleging child maltreatment and
neglect. The score is an additional piece of information that helps call screeners as they decide
whether to open an investigation. Allegheny County introduced this decision support tool with the
aim of improving accuracy and consistency of call screening decisions. An independent impact
evaluation of the tool was completed by researchers at Stanford University in March 2019. The
evaluators’ findings included that use of the tool improved the accurate identification of children in
need of services and was associated with a modest reduction in racial disparities in case openings.
Read key Allegheny Family Screening Tool documents (including Methodology, FAQs, Process
Evaluation and Impact Evaluation) as a PDF.
Allegheny County’s Hello Baby Program
Allegheny County’s Hello Baby Program is intended to provide every family of a new-born with
universal access to information and provide resources and differentiated and intensive support for
families with complex challenges and needs. The CSDA research team was engaged by Allegheny
County Department of Human Services to develop a screening tool that would allow for identification
of families with highest needs. The agency will contract externally for programmatic intervention and
independent evaluation.
Read key Hello Baby documents (including Methodology, FAQs and Ethics Reports) on the Allegheny
County Analytics website.
Douglas County Decision Aid
In early 2017 researchers developed a prototype child welfare (maltreatment) predictive risk model
for Douglas County, Colorado. The Douglas County Decision Aid is a decision support tool designed to
help triage incoming calls alleging child maltreatment and neglect. The tool uses data from child
welfare and public welfare eligibility systems. The DCDA was implemented by Douglas County
leadership, initially as a year-long randomised controlled trial, in February 2019, with results of the
impact evaluation published in 2021.
Read key Douglas County Decision Aid documents (including Methodology and Impact Evaluation) on
the Centre for Social Data Analytics website.
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Observations from the field
Carol Ronken, Bravehearts
Child protection workers typically have large caseloads that require engaging with multiple sources to
gather information and are under pressure to make assessments quickly. One of the most difficult
tasks in child protection is assessing risks, particularly in relation to appropriate responses to alleged
concerns.
As an organisation that works with children and young people who have been sexually harmed, we
are all too aware of the difficulties in identifying children at risk, as well as those who are being or
have been harmed. Statistics vary depending on the source of the figures, but most agree that
approximately one in five children will experience some form of sexual harm before their 18th
birthday (Price-Robertson, Bromfield and Vassallo, 2010; Mills, Kisely, Alati, Strathearn, & Najman,
2016; Royal Commission into Institutional Responses to Child Sexual Abuse, 2017). Being able to
identify children vulnerable to, or experiencing sexual harm, as well as other forms of abuse and
neglect, is essential in ensuring adequate, effective, and timely interventions.
Early identification and intervention for children and young people vulnerable to harm has the
potential to both reduce the risk of long-term adverse outcomes for children and to support child
protection workers and police to better respond to notifications. Improving systems to accurately
identify vulnerable children is critical for policy makers, child protection and police, as well as child
protection advocates and researchers, allowing for targeted and effective allocation of child
protection resources.
Benefits of an automated decision-making approach in the child protection arena is that it may be
able to identify patterns and correlations more readily and more effectively across information
collated from various sources, and more objectively assess data profiles for risk, reducing the
potential for erroneous or biased human assessment.

Considerations
Data Sources
There are many barriers to victims of sexual offences disclosing and seeking support. Incidence
studies, which measure the number of new cases occurring during a one-year period, reflect only
cases that are officially reported to authorities and fail to recognise the many cases (estimated at 95 97%) that go unreported (Martin & Silverstone, 2013). Additionally, in respect to child sexual
offences a large majority of these do not fit within the remit of child protection departments as the
child’s home environment is often safe. While the majority of child sexual offences occur within
familiar and familial relationships (Quadara et al., 2015), the perpetrator is often outside of the
child’s immediate home (Tarczon & Quadara, 2012).
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In late 2019, the Australian Government announced an investment in rolling out iTree’s child safety
intelligence system, REACH. The system has been refined to allow state and territory child protection
bodies to share information (Cheng, 2019).
Information sharing among child protection and policing bodies is critical, but we believe the system
needs to ensure information on children is gathered from multiple sources. This would include, for
example, General Practice Physicians and medical centres, schools, child/day care centres, and
counselling services. Particularly in relation to sexual offences against children, we know that
disclosure rates are low, and bringing together information and observations from a range of sources
is critical to ensure a complete picture.
One observation we have had working within this space is that identifying vulnerable and at-risk
children is often analogous to a jigsaw puzzle, with various ‘pieces’ of information from numerous
sources.
6-year-old ‘Ben’ has several interactions with various individuals. One of the workers at his
after-school care notice that he is moody and isolating himself, he is also acting mildly
inappropriately with one of the other children. His teacher notices that his grades have
dropped, he seems distracted in class and his drawings have very dark overtones. His
swimming teacher notices bruises on his lower back and upper thighs but thought they could
be caused by something innocent. His babysitter notices that Ben seems to avoid being alone
with his 13-year-old brother, who is actively aggressive towards him.
Bravehearts has previously discussed how an automated decision-making tool might be able to be
utilised to bring together ‘observations’ from multiple sources and provide an assessment of risk that
could then be reviewed. This is something that we believe could prove invaluable in providing those
with or without mandatory reporting responsibilities with an opportunity to record observations or
behaviours that on their own may not trigger a mandatory report.
This may also assist with concerns around mandatory reporting possibly resulting in over-reporting,
and an influx of notifications to child protection bodies that require a review. Artificial Intelligence
may provide an opportunity for necessitating different levels of human intervention when
predetermined levels of risk are identified.
Predicting Risk
Accurate risk assessment is crucial in making decisions about the vulnerability of a child and the
possibility of harm. However, there is no fool-proof method of assessing risk and no single
instrument or data source in and of itself should be used to make critical decisions that impact on the
safety and protection of children. Predicting the future is difficult and errors can include false
negatives (leaving a child in danger) or false positives (removing a child who would not have been
harmed).
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Understanding that automated decision-making tools are also susceptible to errors is important.
However, the benefits of an automated decision-making approach in the child protection sector are if
it does not replace human intervention or assessment, but instead supports and supplements the
assessment of risk. An automated decision-making tool could provide confirmatory support for
assessments of risk, reducing the possibility of erroneous or biased human assessment. In addition, it
could assist in objectively identifying risk indictors and correlations from diverse and multiple
sources.
Openness, Transparency and Accuracy
As an NGO working in this space, a broad concern around current practices is the need for openness
and transparency. This would also be an important consideration for the development of an
automated decision-making tool and how the technology may be understood and ‘trusted’ by the
sector.
We would suggest that the introduction of any technological tool be accompanied by a plain
language explanatory, which provides an understanding of the ‘inner workings’ of predictive
modelling/algorithms (inputs, outputs, weightings).
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3. ROUNDTABLE DISCUSSION
Edited by Dr Lyndal Sleep
The presentations were followed by a round table discussion, where attendees asked questions and
commented on the presentations. Attendees included the presenters, as well as researchers, and
workers in child protection and the child and family sector from both government and community
agencies. Attendees also included advocates of parents and children who have come into contact
with child protection agencies. This section summarises the transcript of the discussion, including
questions asked, responses to inquiries, and comments. The discussion is organised according to key
thematic subheadings, providing scaffolding for the excerpts from the transcript. The excerpts have
been lightly edited for readability, however the intention is to keep them as original as possible to
retain the authentic voice of the participants.
In general, to protect the participants’ confidentiality, the speakers are not identified in the transcript
unless they have explicitly requested to be. Some speakers may be identifiable from the context of
the conversation, however these were the presenters in the session and have given approval for this
account of proceedings.

On monitoring/ evaluation of tools and unintended consequences
“What are some effective ways to ensure ongoing monitoring of the tools in terms of their application
from a systemic level to make sure that they are contemporary and being used consistently?”
Quality assurance
“Post-deployment quality assurance must involve building a kind of back-end infrastructure around
the use of predictive risk models that look at each of the features and test them before they go into
the model. Then you have to follow decisions and do a quasi-experimental almost impact evaluation.
CSDA has quarterly management reports of what people are doing in response to the risk scores.
There's both a technical deployment, which requires a system that makes sure the tools are not
broken because it's very difficult from the content to see if it is broken. This is important because a
social worker will take that score as given, and you do not know if it is pulling the data in properly, so
we have built a lot of quality assurance around that. We have software engineers and so on, and so
we deploy a bunch of backend quality assurance that works to look for breaks and features breaks
and scores. COVID has been a big challenge for us, so we've had to do substantial work with the
agencies with COVID changing referral patterns, so we have done a lot of work in that.”
Lack of transparency, the need for better communication and unintended
consequences
“I (Rhema) would add to that some of the work we are doing is looking at where things are going
wrong and how people are being negatively affected. Also, we are finding that something that should
be happening that is not happening is greater communication by different government agencies from
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different countries about what kinds of lessons can be learned from systems that go wrong.
Particularly when it comes to child welfare, there is limited transparency. For example, when a pilot
ends and a local authority decides not to proceed with the system, there is not a lot of information
sharing going on about what happened or why that decision was made.”
“There is little research that considers unintended consequences - some of the negative impacts that
these systems can cause. For example, recently the Data Justice Lab brought together civil society
organisations who were concerned about the move to digital welfare systems and data systems in
the UK. We identified substantial knowledge within communities about the kind of data that is being
collected and shared. This can deter some people from seeking help when they need it because they
fear negative outcomes due to the collection of certain kinds of data. However, they might not be
fully aware of how their sensitive data is being shared. This is a major problem. Often, we do not
know who has access to data, how it is being shared and combined, as well as the long-term
implications of this. More work needs to be done focusing on unintended consequences and also in
learning from where things are going wrong.”
Community engagement
“About community engagement, what points of differences are there between members of the public
and what we are seeing in academia, government or in the practice space? What is the capacity for
further engagement of children and young people?”
“CSDA has been chosen as a project partner for UNICEF. They are interested in developing guidelines
for using these tools with children to get better input from children and young people themselves.
Hopefully, with UNICEF, we'll be putting out some reports along these lines shortly (if they have not
got a draft out already). Also, sometimes academics and data activists don't necessarily grapple with
the same challenges that people subject to the tools and the frontline workers do. For example, I did
a lot of community engagement about data sharing when I was working in a shelter. One client of the
shelter said “I’m bipolar and sometimes during my mania I'll be on the street yelling” and he said “if
the police could only share data with my key mental health workers the police would know that I was
going through an episode, and I wasn't, say, on Meths or something. Which is often what police
always assume when I'm having periods of mania”. His concern was that data was not being shared,
rather than a concern around data sharing. I have seen as much concern in my community
engagement about data not being shared, as data being shared when I speak to front line people
who are in the community and who might be subject to these tools. When I talk to data activists, I
never hear about concerns about data not being shared, I only hear about their concerns about data
being shared – there is kind of an asymmetry.”
About the child and family services context
“Whose needs does the data meet in child and family services? Does it also meet the needs of
families and parents, including parents who are the third and fourth generation in the child
protection system?”
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“I wanted to comment about Philip’s work on the structured decision-making tool currently being
used in child and family services in Queensland - about the context in which the data is used. For
example, in the Queensland courts, the child protection practitioner will take the information to
court about why the child is being removed. All the way through assessment, they are collecting data
on that parent and their circumstances to support their allegations as to why that child needs to be
removed. I am not questioning the validity of that process. I am just questioning who is supporting
the parent at that time to understand the situation that they are in.
Parents who have had previous involvement in the child protection system, for example, who are
third and fourth generation in the child protection system, very strongly say, “it ends with me”.
However, the challenges that those parents face are significant. If they have previous involvement
with the child protection system, that is seen as a risk. It is not seen as a reason to go in and do early
intervention or provide support. This makes them a possible target for child removal in the current
system, regardless of their actual family context.”
Need to look at how poverty impacts families and communities who come
under the attention of child protection in Queensland.
“Does increasing numbers of children coming into care mean that abuse and neglect are increasing,
or is it indicative of the lack of responsive, flexible services to families who do not have social or
familial support? My data says that parents who have children removed generally experienced
mental health issues, domestic violence, and/or alcohol and abuse issues. Most have experienced
trauma that has not been dealt with in the first instance.
Shame and hiding are also issues, especially in Aboriginal and Torres Strait Islander communities. If
you mention child protection in any environment, from what the parents have told me, that is a good
reason to hide your children because of the impact of generational trauma from stolen generation
policies.
It is important to point out that parents do reach out for help but may do so clumsily because they
don't know where to go or how to frame their issue. For many parents, child protection means
removal. I feel that transparency with families is essential in the ADM space: explaining why you are
collecting that data, giving it some context. It is also essential to understand that families and parents
who have come into contact with child protection authorities are suspicious. A common
characteristic of those families is that they have reached out at some point, and generally they were
not responded to appropriately.
Transparency in ADM is essential. Parents want to know why you are asking those questions; they
want to know their context. They are suspicious of systems that have been involved in their families
and they are very aware that you can take their children. I would support the use of shared tools,
providing the parents and families with context and explanations.
Families and practitioners working beside each other supports determination, supports social justice
principles. Supporting social justice principles also provides an opportunity for psycho-social
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education for parents about the risks and looks at opportunities to explore solutions together. It also
invites families into that space where they have the opportunity to identify vulnerabilities with the
parent and work with them to access help, avoiding punitive ways of working on vulnerable families.
Is it a reason to intervene or is it a reason to provide support? Parents have said surveillance is
support. Data, what is it good for and why are we using it? I feel very passionate about utilising the
data finding tools to do an analysis of the systems that families are experiencing. I think that the
reasons for poverty and the reasons I mentioned before for children coming into care could be
addressed. We should be looking at ourselves as a system and how responsive we are being, because
those child protection numbers are going up and they're not coming down.”
Forensic investigation risk assessment models versus models which support
the parents to care for their children better
“Child protection sits within the context of having an almost forensic investigation model which
focuses on removing children rather than helping parents look after their children better, which is
why the numbers of children in care are increasing. The threshold for removing children was higher
in the past than it is today. We need more supportive services so that children can grow up at home
safely, but this is expensive. We have gotten to a point where we can harm more and more children
through a punitive child protection system.”
A human rights approach to ADM in child protection
“One of the challenges to enforcing human rights-based decision-making is that people do not
understand when they are making decisions, and this is the case in child protection systems too. Also,
it is fundamental that people using the system, including parents and children who come into contact
with the child protection system, play a role in the development of ADM in the sector - but this often
does not occur. It is a significant challenge to determine how to make the best use of ADM when
there are fundamental problems around the design of the current child protection system,
definitional and conceptual. We need to avoid perpetuating these problems and have an opportunity
to move forward solving them. The new Queensland Human Rights Legislation Act also states that
Aboriginal and Torres Strait Islander children have a right to kinship care.”
“Victoria has developed a new risk assessment framework. They are currently trying to have a social
justice approach to child protection, which supports families to care for children. To not focus on
child abuse and neglect but to locate families who need more support with their parenting, working
with families to do this—currently redesigning training to focus more on supporting families with
broader issues, including health navigator roles which support mental health, disability etc. The aim
is to think differently about how we look at our professional judgement.”
Beyond prescriptive risk assessment in child protection ADM
“Can ADM be used to identify supports for families who have come to the attention of child
protection, that can reduce their risk scores?”
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“Machine learning tools focus on three types of features: 1. features that predict risk, 2. features that
are mutable but may not be very predictive, 3. features that are causative. When building tools for
mutable factors, there is a different type of tool, sometimes called prescriptive analysis, in which
evidence can suggest a program that could help the family. We are working on this in homelessness.”
“When working with families in child protection, social workers using positive reinforcement models
do not find current prescriptive risk assessment tools useful.”
“It will be helpful to work out how to use unstructured data like case notes to give context in ADM
systems. Also, it would be helpful to make use of metadata, which can take policy decisions into
account in ADM, providing a broader policy context for decision-making.”
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