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Context

* Child maltreatment 1s an

International public health Children in the Public Benefit System
at Risk of Maltreatment

problem Identification Via Predictive Modeling

Rhema Vaithianathan, PhD, Tim Maloney, PhD, Emily Putnam-Hornstein, PhD, Nan Jiang, PhD

r e S I j e C t t O S O e | i | O f long-term health outcomes. Determining a child’s risk of maltreatment at or shortly after birth
maltreatment among children enrolled in New Zealand's public benefit system. The objective was
between January 1, 2003, and June 1, 2006, was used to develop a risk algorithm using stepwise probit
maltreatment by age 5 vears, 83% had been enrolled in the public benefit system before age 2 vears. This
this approach provides a simple and cost-effective method of targeting early prevention services.

. . . °
*~40 million childre orldwide
miiiion 11dren woriawl
Abstract: A growing body of research links child abuse and neglect to a range of negative short- and
provides an opportunity for the delivery of targeted prevention services. This study presents findings
from a predictive risk model (PRM) developed to estimate the likelihood of substantiated
to explore the potential use of administrative data for targeting prevention and early intervention
m a]-tre at m ent 9 p e r , e ar services to children and families.
A data set of integrated public benefit and child protection records for children born in New Zealand
. .
I I \ |,.] modeling. Data were analyzed in 2012. The final model included 132 variables and produced an area
1 ere ar e O V er 3 l I l 1]_]_10 l l calls p e r under the receiver operating characteristic curve of 76%. Among children in the top decile of risk,
47.8% had been substantiated for maltreatment by age 5 years. Of all children substantiated for
°
e a r I I l a d e t O Chll d Welfare analysis demonsirates that PRMs can be used to generate risk scores for substantiated maltreatment.
Although a PRM cannot replace more-comprehensive clinical assessments of abuse and neglect risk,
. .
agenCIe S C O n C e r nl n g ab u S e O I‘. (Am | Prev Med 2013:45(3):354-359) © 2013 American Journal of Preventive Medicine
L]
neglect in the US alone.




Context: Allegheny County
(Pittsburgh, PA, US)




Problem: Screening Decisions
and Outcomes

~@ 35% (1./6/)
Re-referred within a year
~ @ 53% (12,804) -] '
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No Re-referrals

Index Referrals
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@ 47% (11.014)eemmem-]

Screened In ]
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No Re-referrals



Problem: Screening Decisions
and Outcomes

Call screener runs
Allegheny Family

Screening Tool (AFST)

Collection of additional information from Call screener assiens Call screener
Call information sources, including the individual who I ratiglil s consults with the
received and reported the maltreatment and the Client = based on informa tiofl Call Screening
processed View application that displays individual- collected Supervisor *

\_ ) \_ level prior service involvement. Y, \_ Y \_ Y,
* In limited cases, a field
screen is conducted.

Accept for
Accept for Investigation llzvestlga.tu;n V\(fjkllfl’ld
Open New Child _ service Findings / ~ (screenin 8 Ere
Welfare Case ) Service Scre:nin
Decision cning

Provide family with
information for
other services or
agencies they may
. find helpful.




Problem: Screening Decisions
and Outcomes

* 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.

1 2 3 4 5 6 7 8 13 14 15 16 17 18 19 20

1 in 20 calls receive a 1 in 20 calls receive a
score of 1 score of 20
| |
Bottom 5% Top 5 %

of risk of risk



Problem: Screening Decisions and

Outcomes

Screening Score Historical Screening Scores

Family Screening Score

Recalculate Screening Score

The purpose of the Family Screening Score is to use information
collected by DHS and other partners to inform screening decisions.
The Family Screening Score is calculated by integrating and
analyzing hundreds of data elements on each person related to the
referral to generate an overall Family Screening Score. The score
predicts the long-term likelihood of re-referral, if the referral is
screened out without an investigation, orhome removal, if the
referral is screened in for investigation.

If the Family Screening Score meets the threshold for “mandatory
screen-in,” the call must be investigated. In all other drcumstances,
the Family Screening Score provides additional information to assist
the Call Screening Unit in making a call screening decision and
should not replace clinical judgement.

The Family Screening Score is only intended to inform call screening
decisions and is notintended to be used in making investigative or
other child welfare decisions.

Last Run By: Last Run Date: Algorithm Versions Used
Jane McBeth 47772016, 10:32 AM Re-referral w43
Placement w22

High

Moderate

Low

Screening Score Historical Screening Scores

Family Screening Score

Recalculate Screening Score

The purpose of the Family Screening Score is to use information
collected by DHS and other partners to inform screening decisions.
The Family Screening Score is calculated by integrating and
analyzing hundreds of data elements on each person related to the
referral to generate an overall Family Screening Score. The score
predicts the long-term likelihood of re-referral, if the referral is
screened out without an investigation, orhome removal, if the
referral is screened in for investigation.

If the Family Screening Score meets the threshold for “mandatory
screen-in,” the call must be investigated. In all other drcumstances,
the Family Screening Score provides additional information to assist
the Call Screening Unit in making a call screening decision and
should not replace clinical judgement.

The Family Screening Score is only intended to inform call screening
decisions and is not intended to be used in making investigative or
other child welfare decisions.

Last Run By: Last Run Date: Algorithm Versions Used
Jane McBeth 47772016, 10:32 AM Re-referral w43
Placement v22

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

Housing & | Child\

income Support YAV * Several administrative

\

data sources
Sfjapr:iclnit . . E|rcl:;ghg| ¢ MOI‘e than 800
Child & Family . bl / d
| History variables/predictors
A * De-1dentified data for
Crimina .
e Justice ) research/analysis
Mental purposes
Health
* What’s the 1deal
(44 by
Referral ID | Individual | Role | Individual | Referral shape” of the data for

ID Info... Info... analysis?




Modelling v1.0

Extract:
The “right” patterns

4

Identify correctly the high risk population

$

Initial criteria:
“Good” balance between true positives
and false negatives




Modelling v1.0

» Logistic Regression 5 exp(b, +b,X, +b,X, +...+b,X,)

I+exp(b, +b, X, +b,X, +..+b X )

59 predictors for the re-referral
model

71 predictors for the placement
model



Modelling v2.0

e Mm\n
* Random Forests @
(Breiman, 2001)
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Figure:
http://file.scirp.org/Html/6-9101686_31887.htm



Modelling v2.0

Use Computer
Daily

* XGBoost

(Chen, Guestrin, 2016)

(/ N
1| V
4 D

CAD
-

f( @ )=2+09=29 f(

)=-1-09=-1.9

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



Modelling v2.0

| N
aximum.
¢ SVM D HJ/ margiq
(Vapnik, Chervonenkis, 1963) ﬂh*- X >
1

Figure:
http://docs.opencv.org/2.4/doc/tutorials/ml/introduction_
to_svm/introduction_to_svm.html



Modelling v2.0 .

» Logistic Regression * Not so accurate

More familiar to a wider audience

- Human-readable, to an extent (rules)

* Usually accurate for high
dimensional data

* Super-extreme and scalable

* Often complex, though human
XGBoost readable (to an extent)

* Less explanatory

* Usually accurate for high
dimensional numeric data




Evaluating what’s been learned...

* What are the right metrics to compare — what do we want
to achieve?

AUC for different methods Distribution of predicted probabilities for the different methods
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Evaluating what’s been learned...
* What’s the impact of what we are learning from data?

Distribution of predicted probabilities for the different methods, by group
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Evaluation and Implementation v2.0

Extract:
The “right” patterns

Identify correctly the high risk population
Subject to:
A “good” explanation

\ 4

Additional criteria:
Interpretability/Transparency... Fairness




Implementation v2.0

- How can we explain a pattern, a prediction?
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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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