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1) Context and relevant research
2) Cancelled system project findings - JR
3) Case study findings - SG
4) Closing

Overview









Factors 
influencing 
decisions to 
cancel

Government agency decision – effectiveness 31

Civil society critique or protest 26

Critical media investigation 24

Legal action 19

Government concern - privacy, fairness, bias, 

discrimination

13

Critical government review 12

Political intervention 8

Government decision - procurement, ownership 6

Other 5

Corporate decision to cancel availability of system 3



Case Studies





Political economic context matters 

DATA SCORES AS GOVERNANCE

- UK Austerity context significant

- Political economy: “troubled families” policy as driving force

- Governmentalities, legalities and questions about rights

- The public sector as datafied marketplace

- Differing levels of transparency for ‘knowledge’ outputs

- Materialities, infrastructures and practices: the importance of historical context

- Organizations, communities, places and subjectivities: attending to agency and 

resistance

Redden J., Dencik, L. and Warne H. (2020) “Datafied child welfare services:
Politics, economics and power,” Policy Studies, Special Issue “Political Economy of Digital
Data,” Prainsack, B. (ed.).





When Prediction Becomes Policy: What Do Risk Models Actually Learn?

Why we cannot predict “risk” without modelling the intervention.
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Very recently: Translating to Ontario, 
Canada (CHI’26?)
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Supporting CW workers in Canada 
(Under review)  

A specific case

Regular 
Case NotesService 

Plan Goals

Regular 
Case Notes

Regular 
Case Notes

Regular 
Case Notes

Regular 
Case Notes

Service Plan 
Document 1

Casenotes 
for time 
period

Casenotes 
for time 
period

Service 
Plan Goals

Service Plan  
Document 2

Approach: 
• Identify regular 

casenotes 
relevant to goals 
using LocalLLM 
(Llama 3.1) and 
manual labeling 
with child welfare 
practitioners

• Trace thematic 
trajectory of 
Regular  
casenotes using 
BERTopic

Child welfare agencies want to ensure workers are providing 

effective services for families and reduce long-term case 

backlog
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● Divided casenotes by case duration 

● Extremely long term cases make fewer 
references to Service Plan Goals compared to 
shorter term cases

● Black circles denote when new Service Plans 
are drawn up for a case in Extreme cases

Supporting CW workers in Canada 
(Under review)  
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Manual labeling vs. LLM

● LLMs struggle at identifying 
Service Plan goal relevant 
Regular Casenotes as cases 
become more complex and 
uncertainty increases

Tracking thematic Service Plan 
goal relevance using BERTopic

● Caseworkers are working on new 
child welfare concerns that 
emerge in Extremely long cases 
that are not outlined Service 
Plans (right plot)

Supporting CW workers in Canada 
(Under review)  
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MAIN TAKEAWAYS

Risk models often learn the intervention system, not latent harm. 
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● Administrative outcomes are often system contact labels, produced 

by human discretion and bureaucracy. 

● Narrative records surface intervention work, constraints and power 

which predictive risk models typically erase

● The meaning of risk is temporal and process dependant; static risk 

scoring collapses actual human dynamics into a number.

● LLMs do not solve this in long, complex cases; reliability declines as 

uncertainty and case entropy rise.

● When prediction ignores intervention, it becomes punishment.
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