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Context

• Child maltreatment is an
international public health
problem

• ~40 million children worldwide
are subject to some kind of
maltreatment, per year

• There are over 3 million calls per
year made to child welfare
agencies concerning abuse or
neglect in the US alone.



Context: Allegheny County 
(Pittsburgh, PA, US)



Problem: Screening Decisions 
and Outcomes
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• What’s the right question that a predictive model should
help to answer?
• What’s the risk that a child will be re-referred conditional on

being screened-out.

• What’s the risk that a child will be placed in foster care
conditional on being screened-in.

Problem: Screening Decisions 
and Outcomes
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Problem: Screening Decisions and 
Outcomes

A subset of high scores that are particularly correlated with possible
critical incidents are flagged for mandatory screen-in, with an
override option for unique circumstances



Data

• Several administrative
data sources

• More than 800
variables/predictors

• De-identified data for
research/analysis
purposes

• What’s the ideal
“shape” of the data for
analysis?
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Initial criteria: 

“Good” balance between true positives

and false negatives

Extract:

The “right” patterns

Identify correctly the high risk population

Modelling v1.0



Modelling v1.0

• Logistic Regression

59 predictors for the re-referral 
model

71 predictors for the placement 
model



Modelling v2.0

• Random Forests 

(Breiman, 2001)

Figure: 

http://file.scirp.org/Html/6-9101686_31887.htm



Modelling v2.0

• XGBoost

(Chen, Guestrin, 2016)

Figure: 

http://xgboost.readthedocs.io/en/latest/model.html



Modelling v2.0

• SVM

(Vapnik, Chervonenkis, 1963)

There’s 
NFL…

Figure: 

http://docs.opencv.org/2.4/doc/tutorials/ml/introduction_

to_svm/introduction_to_svm.html



Modelling v2.0

• Logistic Regression

• More familiar to a wider audience

• Not so accurate

• Random Forests

• Human-readable, to an extent (rules)

• Usually accurate for high
dimensional data

• SVM

• Less explanatory

• Usually accurate for high
dimensional numeric data

• XGBoost

• Super-extreme and scalable

• Often complex, though human-
readable (to an extent)

There’s 
NFL…



Evaluating what’s been learned…
• What are the right metrics to compare – what do we want

to achieve?



Evaluating what’s been learned…
• What’s the impact of what we are learning from data?

Disparities
and
Fairness…



Additional criteria: 

Interpretability/Transparency… Fairness

Evaluation and Implementation v2.0

Extract:

The “right” patterns



Identify correctly the high risk population

Subject to: 

A “good” explanation



Complex formulas (SVM)

Simple rules (RF), lots of them…

Implementation v2.0
• How can we explain a pattern, a prediction?

The right to an explanation…



The (near) future…
• Challenges at the State level (CA, US) - more data,

possibly more concerns about disparities

• ‘Hot’ topics:
• Ethics: disparities, fairness, stigmatization

• Interpretability/Transparency, for a wide variety of audiences

• Accountability

• Engagement with, and high-level knowledge of, ML from the
involved parties

Machine learning: the power and promise of computers that learn by example, Royal
Society, April 2017.



Thanks.

Allegheny’s Methodology Paper:

http://www.alleghenycountyanalytics.us/index.php/2017/04
/17/developing-predictive-risk-models-support-child-

maltreatment-hotline-screening-decisions/

Visit/follow CSDA:

https://csda.aut.ac.nz/

@AUTCSDA

@rvaithianathan
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