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Developing Predictive Risk Models to Support Child Maltreatment Hotline Screening Decisions ‘ March 2017

In August 2016, the Allegheny County Department of Human
Services (DHS) implemented the Allegheny Family Screening
Jool (AFST), a predictive risk modeling tool designed to improve
child welfare call screening decisions. The AFST was the result
of a two-year process of exploration about how existing data
could be used more effectively to improve decision-making at
the time of a child welfare referral. For more information about
the AFST, see http://www.alleghenycounty.us/Human-
Services/News-Events/Accomplishments/Allegheny-Family-
Screening-Tool.aspx

The process began in 2014 with a Request for Proposals and selection of a team from Auckland
University of Technology led by Rhema Vaithianathan and including Emily Putnam-Hornstein
from University of Southern California, Irene de Haan from the University of Auckland, Marianne
Bitler from University of California - Irvine and Tim Maloney and Nan Jiang from Auckland
University of Technology. Input was solicited throughout the exploration and development
process and used to inform the final product. Prior to implementation, the model was subjected
to an ethical review by Tim Dare of the University of Auckland and Eileen Gambrill of the
University of California-Berkeley. Upon the conclusion of this review, to which DHS prepared a
response, the developers proceeded with implementation.

Concurrent with this process was the issuance of a second Request for Proposals, at the end of
2015, for an impact and process evaluation of the model. Awarded the contracts were Stanford
University (impact evaluation) and Hornby Zeller Associates (process evaluation). The
evaluations will be completed in 2017.

Development, implementation and evaluation of the AFST were made possible by a public/
private funding partnership that included generous support from the Richard King Mellon
Foundation, Casey Family Programs and the Human Services Integration Fund, a collaborative
funding pool of local foundations under the administrative direction of The Pittsburgh Foundation.



Developing Predictive Risk Models to Support Child Maltreatment Hotline Screening Decisions ‘ March 2017

This publication includes three reports:

1) Developing Predictive Risk Models to Support Child Maltreatment Hotline Screening
Decisions: Allegheny County Methodology and Implementation, prepared by Rhema
Vaithianathan, PhD; Nan Jiang, PhD; Tim Maloney, PhD; Parma Nand, PhD; and Emily
Putnam-Hornstein, PhD

2) Ethical Analysis: Predictive Risk Models at Call Screening for Allegheny County,
by Tim Dare and Eileen Gambrill

3) Response to Ethical Analysis by the Allegheny County Department of Human Services
Once the impact and process evaluations are completed, they will be made available.

Each document may be viewed independently, but together they provide an overview of the
process and thinking that went into the development and implementation of the AFST, and,
eventually, the conclusions and recommendations of the independent evaluators.
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BACKGROUND

Predictive Risk Modelling (PRM) uses routinely collected administrative data to model future adverse outcomes that
might be prevented through a more strategic delivery of services. PRM has been used previously in health and hospital
settings (Panattoni, Vaithianathan, Ashton, & Lewis, 2011; Billings, Blunt, Steventon, Georghiou, Lewis, & Bardsley,
2012) and has been suggested as a potentially useful tool that could be translated into child protection settings
(Vaithianathan, Maloney, Putnam-Hornstein, & Jiang, 2013). In the context of child protective services, PRM tools
can be used to help child protection staff make better initial screening and service decisions for children who have
been named in reports of alleged abuse or neglect. Specifically, PRM can be deployed at the point that a referral is
received by a child protection hotline. These referrals are typically made when someone in the community (e.g., a
neighbor or a mandated professional such as a teacher) is concerned that a child has been the victim of abuse or

neglect.

In 2014, Allegheny County’s Department of Human Services issued a Request for Proposals focused on the
development and implementation of tools that would enhance use of the County’s integrated data system. Specifically,
the County sought proposals that would: (1) improve the ability to make efficient and consistent data-driven service
decisions based on County records, (2) ensure public sector resources were being equitably directed to the County’s
most vulnerable clients, and (3) promote improvements in the overall health, safety and well-being of County
residents. A consortium of researchers from Auckland University of Technology (AUT: Vaithianathan, Jiang,
Maloney), the University of Southern California (USC: Putnam-Hornstein), the University of California at Berkeley
(UCB: Gambrill), and the University of Auckland (UA: Dare) submitted a proposal outlining a scope of work focused
on the use of PRM to support decisions made at the time a child has been reported for alleged abuse or neglect. This
team was awarded the contract in the Fall of 2014 and commenced work in close concert with the Allegheny County

team.

In mid-2015, it was decided that the most promising, ethical, and readily implemented use of PRM within the
Allegheny County child protection context was one in which a model would be deployed at the time an allegation of
maltreatment was received at the hotline. The objective was to develop a decision aid to support hotline screeners in
determining whether a maltreatment referral is of sufficient concern to warrant an in-person investigation. The present

report describes the methodology used to develop and implement this model, the Allegheny Screening Tool.

It should be noted that while in some settings machines have been used to replace decisions that were previously made
by humans, this is not the case for the Allegheny Family Screening Tool. It was never intended or suggested that the
algorithm would replace human decision-making. Rather, that the model should help to inform, train and improve the

decisions made by the child protection staff.
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CURRENT PRACTICE

Allegheny County’s Department of Human Services is unique in the United States: it has an integrated client service
record and data management system. This means that the County’s child protection hotline staff are already able to
access and use historical and cross-sector administrative data (e.g., child protective services, mental health services,
drug and alcohol services, homeless services) related to individuals associated with a report of child abuse or neglect.
Although this information is critical to assessing child risk and safety concerns, it is challenging for County staff to
efficiently access, review, and make meaning of all available records. Beyond the time required to scrutinize data for
every individual associated with a given referral (e.g., child victim, siblings, biological parents, alleged perpetrator,
other adults living at the address where the incident occurred), the County has no means of ensuring that available
information is consistently used or weighted by staff when making hotline screening decisions. As such, for example,
recent paternal criminal justice involvement that surfaces in the context of one child’s referral may factor into a
decision to investigate a report of maltreatment, while for another child that same information could be completely
ignored.

To help the reader understand the context in which the new PRM tool will be implemented, a short summary of

current screening practice has been provided below.

Calls to the Child Protection Hotline

A referral for suspected child abuse or neglect is received by Allegheny County either via the Pennsylvania State
Hotline (i.e., ChildLine) or directly through the County’s local hotline. Allegations made to the State Hotline are
emailed to the County’s local hotline staff. Allegations can be classified as falling under the State’s: (1) “child
protective service” (CPS) (23 Pa.C.S. § 6303) or (2) “general protective services” (GPS) (23 Pa.C.S. § 6334) statutes.
Designation under CPS means that the allegation includes abuse or severe neglect and automatically meets the
statutory threshold for it to be screened-in for investigation. For the 2015 year, we find that 17% of all reports in

Allegheny County were designated as allegations falling under CPS statutes.

Child maltreatment referrals, whether defined as CPS or GPS, typically identify a variety of individuals. These
individuals typically include the alleged child victim(s), the biological mother and father of the alleged victim, the
perpetrator (who may or may not be a biological parent), other related and unrelated children in the home, and other

adults who may also be residing at the address.
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County Screening of Maltreatment Allegations

If the maltreatment allegation is classified as falling under CPS statutes based on the information reported, then local
County screening staff have no further decision-making authority and a child maltreatment investigation must begin
within 24 hours. If, however, an allegation is classified as GPS, then County hotline staff (i.e., screener and
supervisor) have the joint discretion to respond by: (1) screening-out the allegation without any further evaluation or
assessment (if there are no children age 6 or younger in the household?), (2) conducting a field screen of the
maltreatment allegation in order to evaluate the safety and well-being of the child and determine whether a full
investigation is warranted, or (3) conducting a formal investigation of the maltreatment allegation to determine if
maltreatment has occurred and there is a potential for future harm to the child. As such, the screening-in of a
maltreatment allegation is synonymous with conducting a formal “investigation.” Meanwhile, following the field

screen, a decision is made to screen-in or screen-out the referral.

For GPS reports that are screened in for investigation (either at the outset or after a field screen has been conducted),
the report is transferred from the County’s hotline office and assigned to one of five regional child welfare offices
(typically on the basis of the report’s geographic origins) or remains with the intake office so that a formal
investigation can be conducted.

To provide a sense of the distribution of maltreatment reports, and the subsequent screening decisions that were made,
in Table 1 we present historical data for the period from April 1, 2010 through May 4, 2016 (only for GPS). The table

illustrates that a majority of GPS reports (52%) are screened out.

Table 1: GPS Referral Dispositions (Between April 1, 2010 and May 4, 2016)

Total . % of Total
Numbers in Referrals
Each Category
Total Screened In 55,513 48%
Total Screened Out @ 60,923 52%
Total Referrals (with call screening reason given) 116,436 100%

1 Allegheny County has had a rule that any GPS report involving a child age 6 or younger cannot be screened out without first
having a field screen. This decision reflects recognition that the vast majority of critical and fatal maltreatment events occur to
children in this age group. Upon implementation of this tool, the field screen policy has been modified. Field screens are now
conducted when (a) reports involve children age 3 and younger who are impacted by the allegations, (b) when a report is the
fourth referral for a family within two years and there has not been a previous investigation, (c) when a report involves children
who are in cyber/home school, or (d) whenever call screening staff would like more information about the allegations, children, or
family.
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Notes to table: (1) Screen out reasons include, but are not limited to, information does not meet the legal definition of child
maltreatment and no risk of maltreatment or safety concerns noted after a field screen was conducted. Table excludes those that
are CPS and therefore automatically screened in.

Re-referrals and Placements of Children and Victims

Table 2 shows the re-referral and placement rates of children? in a referral, based on their initial disposition. The
second row shows that among all children and victims included in a referral (between March 1, 2010 and April 29,
2014) that was opened for investigation, approximately 1 in 2 experienced a follow-up allegation of maltreatment and

roughly 1 in 8 were subsequently placed within 2 years of the first referral.

As expected, those children who were screened out had a higher chance of being re-referred than those who were
screened in (53% vs. 45%). By contrast, those who were initially screened in have a higher chance of being placed

within 2 years than those who were initially screened out (13% vs 5%).

Table 2: Re-referral and Placement Rates Within 2 Years (victims and children in referrals between March 1,
2010 and April 29, 2014)

Re-referred within 2 Placed within 2
years (%) years (%)
Screened In 45% 13%
Screened Out @ 53% 5%
Average 49% 9%

(1) Screen out reasons include, but are not limited to, information does not meet the legal definition of child maltreatment and no
risk of maltreatment or safety concerns noted after a field screen was conducted. Table excludes those that are CPS and therefore
automatically screened in.

LATENT RISK VS. OBSERVED RISK

At hotline screening, a child is assessed for evidence that abuse or neglect has occurred and the probability that the
child will experience future harm if no services are provided and/or no action is taken. If the probability of future
harm is elevated above a given (admittedly normative and context-specific) threshold, then the County may be

justified in acting to serve the family and protect the child in either a voluntary or involuntary manner.

2 Discussions with Allegheny County staff suggest that the role of “victim” does not always identify the only victim in a GPS
referral. Often, the victims of GPS referrals include all children (e.g., all children are impacted by parental substance abuse or
homelessness), but not all children are called “victim child” in a referral consistently. Call screening staff, however, are making
determinations about the risk and safety of all children involved in a call. Therefore, it was determined that the modelling would
assess the risk of each child in the referral (whether denoted as victim or child). Therefore, in this document we use the term
children to denote those cases where we are discussing anyone in a referral that is denoted a child as well as a victim.
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Theoretically, developing a predictive model for this underlying “latent” risk of future harm would require a research
data set where no actions (or “interventions”) had been taken following the initial maltreatment referral (e.g.,
investigations, services, placements in foster care). We would then follow these children for two years and see which
children went on to experience future abuse, neglect, or other forms of maltreatment and harm. For example, when
building a PRM tool for hospital readmission risk, it is typical to use a sample of patients who do not access any kind

of post-discharge services so that one can try and identify risk factors that contribute to readmission.

Such a research dataset, however, is never available in the child protection context. At initial hotline screening,
decisions are made that influence the child’s future trajectory and future risk of harm. Therefore, careful consideration
must be given to modelling the outcome that is being predicted in order not to predict outcomes that are simply re-

producing past decisions made by hotline screening staff.

The challenges related to this should not be understated. In the available historical data for Allegheny County, children
are not left alone. Indeed, half of children are screened in for investigation at the time of the initial maltreatment
referral used for modelling purposes. Their subsequent course of events is therefore dictated by a series of decisions
and actions taken by the child protection system. The risk factors that can then be identified are a combination of the
risk factors that reflect latent risk and factors that capture hotline screening decisions. To address this, predictions

must be developed conditional on these historical decisions that influence the outcomes observed.

DETERMINING THE TARGET OUTCOME OF A PRM

While there is not universal agreement on the degree to which the current clinical assessment at point of referral is
focused on the longer-term risk of adverse events versus assessing the current crisis of alleged abuse or neglect, the
research team and Allegheny County chose to design a model to predict long arc risk. This decision was made because
the logic of predictive risk modelling from the health literature is that it is a way of supplementing clinical decision-
making. By offering clinicians a risk score that stratifies that the patient is at long term risk of, for example,
readmission to hospital, the clinicians could be alerted to looking at the wider context of patient’s situation than
simply the current medical crisis that brought the patient to the attention of the clinician. Similarly, targeting the PRM
on long arc-risk complements the role of the screening staff who are focused on the information about the allegation

contained in the referral.

The predictive risk model is designed to support hotline screening staff to determine which reports of maltreatment
involve children who are at greatest risk of: (1) future abuse and neglect, (2) future involvement with child protective
services, and/or (3) future critical incidents (i.e., near-fatalities and fatalities). Information concerning the statistical

probability that a given child will experience one or more of these future events is valuable as these are arguably
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outcomes that all child protection systems seek to prevent.® As such, this information can be used to establish
statistical thresholds that help prioritize and sort reports of alleged maltreatment into those in which the action of
carrying out a full investigation seems particularly warranted and those in which screening out may be justified.
Before determining how to operationalize, predict, and condition these future maltreatment and child protection
outcomes, however, the inherent trade-offs that are made at the hotline screening decision must be identified. In
medical screening parlance, it is important to consider the trade-off between sensitivity (the proportion of patients with
a disease who are correctly screened positive) and specificity (the proportion of patients without the disease who are

correctly screened negative) in the specific and nuanced contexts of child protection.

While in the case of clinical diagnosis the ultimate outcome being screened for (i.e., disease or no disease) is clear, in
the case of maltreatment allegations screened by child protection hotlines, the concept of “service need” or latent risk
is poorly developed. Therefore, we need to take a more nuanced view of what a “good” initial hotline screening

decision is.

An ideal system would screen out children who are at low risk of a future event and therefore have less need for early
intensive services. One way of assessing lower need is to consider whether children would be re-referred if they are
initially screened out. In the context of current screening practices in Allegheny County, over half the children are re-
referred.

Another indicator of consistently good screen-out decisions would be that few children amongst those initially
screened out would subsequently be substantiated as a victim of abuse or neglect. Unfortunately, GPS referrals (which
constitute the majority of all maltreatment allegations) do not have a very meaningful definition of substantiated

maltreatment and therefore this outcome was not available for modelling purposes.

Although near-fatalities and fatalities are objective and therefore useful outcomes to predict, Allegheny County is
relatively small and the number of these adverse events is (thankfully) too restricted to meaningfully model. For
example, in the context of Act 33 events (i.e., events where the child was killed or critically injured because of
maltreatment) there were 21 children for whom a referral call was made between April 1, 2010 and February 28, 2015
who went on to have Act 33 events and this call was made more than 50 days prior to the critical incident. Only
instances where the Act 33 event occurred more than 50 days following the initial referral call were included to ensure

it was a new incident and not associated with the prior referral. Of these, 10 (48%) were screened out. We were able

3 Using the absence of future involvement with protective services as a desirable goal is only correct if it comes about because
addressing safety concerns at the time of the initial contact meant that there was no future need. Absence of contact could also
occur for others reasons which does not mean that the child is truly safe.
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calculate a placement risk score for 18 of the referrals where a call was made more than 50 days prior to a critical

incident. Of these calls, half of the referrals received a score of 15 or over.

Another proxy for an adverse event is a placement in foster care. Along the spectrum of potential interventions and
services that may be offered by the child protection system, a placement falls at one extreme as it indicates that child
protection workers were concerned enough about the safety of an individual child that they physically removed him or
her from the home. An examination of historical data shows that among those children screened out through current
practice, 6% are subsequently placed within 2 years.

Turning now to contemplating a “good screen-in,” one would want to consider how many children were placed among
those who were initially screened in. Of course, we might argue that if screening in is “preventive” then placement
rates among those screened in should be lower than placement rates among those screened out. If we argue, however,
that a substantial fraction of placements were inevitable we would like to see a high ratio of placements among those

children that were screened in relative to those who were screened out.

We also argue that, all else being equal, society at large should wish to minimize the number of referrals (and
therefore children) who are screened in for investigation. The reason is that screening in and a child protection
investigation has some potentially deleterious effects on families. If screening in, however, is a prerequisite to being
offered higher quality services or being prioritized for a slot in a desired program, one can argue the benefits of an

investigation.

Since screening-in for an investigation may be both helpful and harmful to a family, it is critical to minimize the false-
positive/negative rate. For instance, children and families misidentified as high risk may be subject to unnecessary
involvement with social services and disruption of their home environment. Conversely, families misidentified as low
risk may not receive the preventive services they need and may experience subsequent abuse and neglect (Gambrill &
Shlonsky, 2000). In addition to minimizing false positives and negatives, it is critical to minimize the adverse effects of
identification as at risk, such as possible stigmatization. Any risk of stigmatization is of concern to researchers and the
County. For that reason, the County commissioned a full ethical report on the use of the screening tool. Two experts on
the ethics of the use of screening scores, Eileen Gambrill (UC, Berkley) and Tim Dare (University of Auckland),

provided ethical guidelines that guided the tool development and implementation process.

The discussion above suggests two potential candidates for outcomes to be predicted by the model:
(1) The probability that a child will be re-referred conditional on being screened out; and

(i) The probability that a child will be placed in foster care conditional on being screened in.
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The first outcome attempts to capture the objective of screening out children who are at low risk of being re-referred
in the future, thus sparing families the intrusion of an initial investigation that may not be needed. The second outcome
reflects the goal of screening in children who are at high risk of being placed in foster care, the logic being that these

are families where there may be a greater concentration of risk and need.

DATA

We now turn to the procedures we used to build the predictive risk model. The first step was to develop a research
data set based on historical referrals for which we could observe the initial decision made at hotline screening and the

eventual outcome.

To develop this model, we analysed data for all CPS and GPS referrals* made to Allegheny County between
September 2008° and April 2016. In order to provide a relevant history for each referral, and follow-up time after the
referral, we built the PRM using only referrals made between April 2010 and April 2014. This meant that for each
referral, we could construct data on the family’s history such as the number of referrals within the past 548 days. We
also linked referral data to placement data — allowing us to construct a longitudinal view of the child from referral

through to possible placement.
We then used this history to model a predicted likelihood of events two years into the future.

Referral and placement data were then merged with the following datasets to establish a set of predictor variables.

Please note that the research team used a de-identified version of the linked data set.

County Jail: Dates of past bookings in the Allegheny County Jail.
Juvenile Probation: Dates of past involvement with the Allegheny County Juvenile Probation Office.

Public Welfare: Dates of public welfare receipt and program type (i.e., temporary aid to needy families (TANF),
general assistance (GA), supplemental security income (SSI), food stamps (FS), other medical).

Behavioral Health Programs: Dates when behavioral health services were received and diagnoses made (stratified

into diagnostic categories).

# In conducting these analyses, it was understood that Allegheny County’s past CPS referral data have been subject to legally
mandated expungement after a certain amount of time has passed since the referral’s intake date (with expungement time varying
based on the findings of the allegations and whether or not a family is currently active on a child welfare case). This meant that
data regarding CPS referrals, which represent between 10-20% of Allegheny County child welfare referrals annually, were more
complete for the later years in the sample.

5 The cut-off date was determined by the fact that Allegheny County transitioned to its current KIDS data system in 2008.
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Census Neighbourhood Poverty Indicators: ZIP code data with Census information on the poverty status of each

ZIP code area.

Allegheny County has additional data sets such as birth records, homeless services and educational outcomes from
local school districts that were not tested in the first iteration of the model for various reasons. Birth records, for
example, were not regularly being integrated into Allegheny County’s data warehouse at the time the model was
developed. Education data were not included since Allegheny County does not have full coverage of the county; it
only partners with a subset of local school districts. The research team will consider adding additional data sets to
future iterations of the model but does not expect that they will lead to significant increases in the accuracy of the

model.

For each individual named in a referral (i.e., victim, other child, parent, alleged perpetrator, and other adult), we
generated history variables from the child protection data and administrative datasets listed above. In total, there were
more than 800 variables available for prediction and modelling purposes. These variables were constructed by the
research team based on previous experience with building such risk models. In particular, to capture the dynamic
nature of risk, history was divided into 90, 180, 365 and 548 day intervals. To capture the effect of the presence and
intensity of predictor variables, we constructed categorical variables which reflect the presence of history with a given
sector (e.g., ever in County jail) and the duration or intensity of that history (e.g., number of days in jail).

Subsequently, some of these variables were aggregated or transformed (e.g., by minimums and maximums).

Since the objective of this modeling effort was to generate a risk score for each child or victim that is involved in a
referral separately, records were structured as a flat file where each line of the data reflected a child or victim named
in a referral. There were often multiple children named in a single referral; each child could be included in more than
one referral. We do not make a distinction between whether a child is recorded in the referral as a “victim” or a “other
child.” This decision was made in consultation with frontline staff from the County who indicated that recording a
victim in the data is somewhat arbitrary and, regardless of whether a child is labeled a victim or not, staff are required

to assess all minors named in a referral.

For each observation, we constructed a history based on the date of that referral. For example, consider a referral
received on July 1, 2013 and involving two children. This referral is transformed into two observations (or rows of
data) in the research data. Each observation constructs the 90, 180, 365 and 548-day history as of July 1, 2013. The
outcome period is then July 1, 2012 through to July 1, 2015. Note that a “re-referral” in this period is also another

referral in the data set. For conducting causal inference, this might be of concern — for data mining however, it is not.
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Patterns of serial correlation in the data are not important in data mining since such correlation does not bias the
estimated coefficients.

METHODOLOGY FOR PLACEMENT AND RE-REFERRAL MODEL

We used non-linear regression methods for generating the final list of predictor variables and their corresponding
weights. All estimation was done using Stata version 12. All data were first fully de-identified by the County. The

following is a step-by-step description of the method.

1. We used the full sample of referrals (n=76,964) spanning the time period between April 2010 and April 2014
and with each observation corresponding to a unique child or victim in a referral. We estimated a probit

regression model on all child-referrals with variables introduced in blocks. These blocks were

a. Demographics of the Child Victim

b. Child Protection History of the Child Victim

c. Child Protection Data for all Individuals Named in the Referral
d. Maltreatment Referral Source Information

e. Juvenile Justice History of the Child Victim

f. Characteristics’ of Other Child Victims Named in the Referral

g. Characteristics of Other Children Named in the Referral

h. Characteristics of all Alleged Perpetrators Named in the Referral

i. Characteristics of all Parents and Other Adults Named in the Referral
j.  Public Welfare Histories of all Child Victims

k. Public Welfare Histories of Other Children

I.  Public Welfare Histories of all Alleged Perpetrators

m. Behavioral Health Histories of all Individuals Named in the Referral

We dropped all predictors that had a t-ratio less than 1.6.2 We refer to the resultant set as our initial predictor

variables.

& Serial correlation reduces the efficiency of estimates (i.e., increases their standard error) but not the bias or consistency.
" By “Characteristics” we mean Demographics, Welfare History, etc.

8 Admittedly a t-ratio of 1.6 is rather arbitrary and based on judgement and experimentation with other cut-off levels.
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2. Using these initial predictor variables, we then drew with replacement a random 30% of the sample. We
estimated a probit model and recorded the t-ratios. We repeated this process 50 times. We then kept those
predictor variables with t-ratios greater than 2.2.° These variables constitute the final list of variables used in
our prediction models. Of the more than 800 variables tested, there were 112 variables included in the models.
The placement model has 71 weighted variables and the re-referral model has 59 weighted variables. Please
see the appendix for the final list of variables. It is important to note that this is a prediction model and not a
causal model. Therefore, even researchers cannot interpret the final list of variables and their corresponding
weights. Variables that may independently be strong predictors of placement and re-referral may have been

omitted if they were highly correlated with other variables included in the model.

3. To assess model performance, we used a randomly chosen 70% of the sample to estimate coefficient weights.
Then using the 30% validation sample only, we calculated the Area Under the Receiver Operator Curve
(ROC). By using a validation sample which was separate from the sample with which the weights were
established, we avoid “over-fitting” the model. We also tested these results on additional subsets of the
original sample including by ethnicity (i.e., Black and White) and by referral year. Area under the ROC is
used to measure overall model fit. The results are presented in the Model Performance section below.

4. For step 3 above, two methods were tried: ordinary probit and boosted probit.

Alternative Methods Considered

Above we described a maximum likelihood method. Alternative methods exist for constructing the algorithm — which
is to use non-parametric methods such as decision-tree methods. These methods have the advantage that they are
often more accurate — with higher precision, recall and area under the ROC. However, they have the weakness that
they tend to be “black box™ in the sense that it is more difficult to understand why a family received a high score. The
other disadvantage of these methods is that they do not directly translate into a single score.X® Instead, these alternative

methods “flag” a referral call as “at risk” or “not at risk.”

Using Weka,*! which is an open source Data Mining software, we investigated a range of alternative methods: namely,

Naive Bayes, Ada Boost — with Random Forest, Ada Boost with J48 tree, Multilayer Perceptron, J48 Tree, Random

® Again, rather arbitrary but based on trial and error with higher and lower cut-off levels.
10 Although they can be converted to a score

1 http://www.cs.waikato.ac.nz/ml/weka/

14 AU

UNIVERSITY

NEW ZEALAND




A%, CENTRE FOR
ﬁ, SOCIAL DATA ANALYTICS

Tree and Random Forest. Overall, the random forest (tuned) performed the best, and below we compare its output to

that of the statistical models.

Race

After an independent ethical review of this project and lengthy discussions between community stakeholders, internal
staff, and members of the research team, the County made the decision that race could be included as a predictor
variable if it substantively improved the predictive accuracy of the model. Although addressed more fully in the
independent ethical report for this project, it should be noted that the inclusion of race in these models did not
substantively improve the overall accuracy. Specifically, when we tested the model against how well it identifies Act
33 (or maltreatment fatality and near fatality) cases, we find that there is little difference in the fit between the model

which includes race and the model that does not (see discussion below and

Table 11).

MODEL PERFORMANCE

We use the area under the ROC (AUR) as a general measure of model performance, and also the proportion of

children who are observed with that event by the ventile of risk.

Placement Model

In health and human services, there are potentially two uses of predictive screening tools. One is to replace clinical
decisions (e.g., through automatically screening in children based on their score) and the other is to augment and
standardize clinical decisions (e.g., through a “risk score” or a summary statistic weighting information from the
administrative data). Allegheny County was interested in developing the latter type of tool — one in which an
empirically derived score could be used in conjunction with clinical judgement (and other sources of data that are not
available to the PRM tool) to generate a hotline screening decision (screen in or out). In this context, the AUR is a
useful statistic for the purposes of determining goodness of fit or predictive accuracy. While there are multiple
interpretations of AUR, one that is helpful to us in such cases is that the AUR can be thought of as the probability that
a (randomly chosen) referral that is a true positive (i.e., has a placement or re-referral within 2 years) has a higher risk
score than a randomly chosen referral that is a true negative (i.e., does not have a placement or re-referral within 2
years). If the probability is 0.5, then there is no information in the risk score useful to guiding the screening decision.

If the probability is 1, then it is a perfectly discriminating score.
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Table 3 and Table 4 show the AUR for both the probit and boosted-probit models predicting whether a child will be
placed in foster care within 730 days. We report the mean AUR and 95% confidence intervals for the validation
sample as a whole and for sub-samples. For the overall validation sample, the AUR is 77% with race included as

predictors and 76% without race.

Table 3: Area under ROC curve of Placement PRM (validation sample only, probit and boosted regressions,
including race variables)

Area under ROC

Testing Sample Area under ROC (boosted regression) N
95% Confidence 95% Confidence
Mean Interval Mean Interval
All screened in Referrals 0.7653 0.75319 | 0.77734 0.773 | 0.7608 | 0.78514 | 13201

Screened in Referrals during 2014 | 0.7594 0.71604 | 0.80274 | 0.7591 | 0.71456 | 0.80371 | 1091*2
Screened in Referrals during 2013 | 0.7454 0.72169 | 0.76912 | 0.7474 | 0.72313 | 0.77173 | 3200
Screened in Referrals during 2012 | 0.7770 0.75283 | 0.80109 | 0.7769 | 0.75196 | 0.80187 | 3286
Screened in Referrals during 2011 | 0.7723 0.74738 | 0.79719 | 0.7912 | 0.7668 | 0.81551 | 2974

Screened in Referrals during 2010 | 0.7694 0.7407 | 0.79816 | 0.7864 | 0.75861 | 0.8141 | 2650
Screened in Referrals where
victim is Black 0.7545 0.73713 | 0.77178 | 0.7646 | 0.74748 | 0.7817 | 6026
Screened in Referrals where
victim is not Black 0.7686 0.75141 | 0.78585 | 0.7736 | 0.75585 | 0.7913 | 7175

Table 4: Area under ROC curve of Placement PRM (validation sample only, probit regressions, excluding race
variables)

N
Testing Sample Area under ROC
Mean 95% Confidence
Interval
All screened in Referrals 0.7604 0.74838 0.77244 | 13031

Screened in Referrals during 2014 | 0.7536 0.71326 | 0.79396 | 1128
Screened in Referrals during 2013 | 0.7530 0.72882 | 0.77721 | 3275
Screened in Referrals during 2012 | 0.7859 0.76284 | 0.80901 | 3204
Screened in Referrals during 2011 | 0.7566 0.73170 | 0.78157 | 2952

Screened in Referrals during 2010 | 0.7431 0.71355 | 0.77268 | 2472
Screened in Referrals where
victim is Black 0.7680 0.74908 | 0.78701 | 5983

12 Note the lower referral counts in 2014 and 2010 due to partial year 2014 (Jan-Apr) and 2010 (Apr-Dec).
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Screened in Referrals where
victim is not Black 0.8062 0.78787 0.82457 | 7048

Re-referral Model

Tables 5 and 6 set out the AUR for the re-referral model for all children who were screened out, and for subsamples.
In this case, the model predicts re-referral during the 2-year period subsequent to being screened out. The AUR for the

validation sample as a whole is 73% -74% when race is included, and 72% without race.

Table 5: Area under ROC curve of Re-referral PRM (validation sample only)

Area under ROC Area under ROC
Testing Sample (boosted regression) N
95% Confidence 95% Confidence
Mean Interval Mean Interval
All screened out Referrals 0.7314 | 0.72172 | 0.74117 | 0.7447 0.7352 | 0.75429 9954
Screened Out Referrals during 2014 0.684 0.649 | 0.71899 | 0.6916 | 0.65665 | 0.72658 873

Screened Out Referrals during 2013 0.7349 | 0.71533 | 0.75447 | 0.7429 | 0.72349 | 0.76223 2434

Screened Out Referrals during 2012 0.7371| 0.71775| 0.75652 | 0.7433 | 0.72407 | 0.76259 2475

Screened Out Referrals during 2011 0.7237 | 0.70442 | 0.74303 | 0.7451 | 0.72647 | 0.76367 2601

Screened Out Referrals during 2010 0.7553 | 0.73184 | 0.77876 | 0.7776 | 0.75508 | 0.80021 1571

Screened Out Referrals where

victim is Black 0.6920 | 0.67471 | 0.70926 | 0.7117 | 0.69486 | 0.72862 3557
Screened Out Referrals where
victim is not Black 0.7485 | 0.73673 | 0.76031 0.759 | 0.74741 | 0.77059 6397

Table 6: Area under ROC curve of Re-referral PRM (validation sample only, probit regressions, excluding
race variables)

Testing Sample Area under ROC N
95% Confidence
Mean Interval
All screened in Referrals 0.7153 | 0.70536 | 0.72521 10038
Screened in Referrals during 2014 0.7006 | 0.66567 | 0.73557 853

Screened in Referrals during 2013 0.7207 | 0.70103 | 0.74045 2509

Screened in Referrals during 2012 0.7262 | 0.70651 | 0.74581 2498

Screened in Referrals during 2011 0.7085 | 0.68840 | 0.72854 2493

Screened in Referrals during 2010 0.7095 | 0.68507 | 0.73389 1685

Screened in Referrals where victim
is Black 0.6719 | 0.65439 | 0.68938 3619
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Screened in Referrals where victim
is not Black 0.7339 | 0.72180 | 0.74597 6419

CONCERNS OVER PoLICY CHANGES IN 2015

In late 2014, there were major statutory changes to Pennsylvania’s Child Protective Services Law. In particular, there
were changes to the definitions of mandated reporters leading to an increase in the number of mandated reporters in
Pennsylvania. Additionally, there were changes to the definitions of maltreatment. These changes led to an increase in
the volume of maltreatment referrals. Recent media reports'® have suggested that Pennsylvania’s state hotline may
have been understaffed to handle the increased volume and as a result there was variability in the screening quality

applied to calls and the manner in which they were subsequently triaged.

Our data span this period, and we do find that the re-referral model performs less well for the 2014 referrals (for which
the outcomes periods would have been in 2015 and 2016). There is, however, no evidence of similarly poor
performance in the placement model. Although speculative, it may be, that for the more extreme outcome of

placement in foster care, the policy changes did not have the same impact relative to referrals.

To establish whether there are any related systematic effects, we compared the maximum referral score that would
have been assigned by year of the referral. In 2015, the score is lower, a finding that is statistically significant at the

95% confidence level. This suggests that referral dynamics in 2015 might have been affected by the changes in policy.

Table 7: Mean-Maximum Referral Score by year (All referrals)

13 See for example http://www.phillymag.com/news/2016/05/25/audit-42000-unanswered-calls-child-abuse-hotline/.
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Mean of Maximum Referral
Year Score of all Referrals
2010 13.2
2011 134
2012 135
2013 135
2014 13.3
2015 13.0
2016 13.2

Note: The year 2016 includes referrals only through April.

We also undertook a Wald test for a structural break in December 2014.

EXTERNAL VALIDATION OF THE MODEL
External validation of the model is important to determine if the children identified as high risk for re-

referral and placement are congruent to those with more generalized risk of events such as hospitalization
and abuse-related fatality or near fatality. True maltreatment is very difficult to determine, and there is
evidence that a lot of abuse goes unreported. Additionally, there is concern that this type of modeling is
predicting children at risk of institutionalized or system response versus true underlying risk of adverse
events. To address these concerns, external validations were conducted using healthcare data.

External Validation: Hospitalisation

This section was co-authored with Rachel P. Berger, MD, MPH and Srinivasan Suresh, MD, MPA, FAAP of
the Children’s Hospital of Pittsburgh of UPMC

To externally validate the model, we merged the County’s GPS referral data with Children’s Hospital of Pittsburgh of
UPMC data, using a trusted third-party who was able to link the children in the two systems together using first name,

last name, date of birth and social security number.

Not all children were able to be linked. Of the 64,371 children who were named in reports of alleged abuse or neglect
in the period April 1, 2010 to May 4, 2016, 16,371 (25.23%) children presented at least once to the Children’s Hospital

of Pittsburgh of UPMC either for evaluation in the Emergency Department (ED) or for an in-patient admission from

19 AU

UNIVERSITY

NEW ZEALAND




A%, CENTRE FOR
f}, SOCIAL DATA ANALYTICS

February 3, 2002 to December 31, 2015, The term ‘hospital event’ is used in this paper to refer to both ED visits and
in-patient hospital admissions.

Figures 1 to 6 show hospital events for selected injuries by maximum placement risk scores for those children who were
named in reports of alleged abuse or neglect. There may have been multiple referral records for a child during the study
period, each having unique risk scores calculated at time of referral. We have used the maximum risk score ever received
for each child in the referral data. Figures 1 to 6 demonstrate that over a broad range of injury types there is a positive
correlation between the placement scores at call referral and the rate of hospital events. The ICD9 codes used to identify
each type of external injury are presented in Table 11. For example, those with a placement risk score in the highest
category of 20 have a hospital event rate for self-inflicted injury or suicide of 0.65% compared to 0.03% for risk score
category 1. That is a child who scores a 20 at referral is 21 times more likely to be hospitalized for a self-inflicted injury
than a child who scores 1. The rate of hospital events from physical assault is 3.14% for category 20 compared to 0.18%
for category 1. This is a factor of 17 times. The hospital event rate for accidental falls is 5.25% for category 20 compared

to 3.79% of child referrals with a risk score of category 1 (or 1.4 times).

Figure 1: Physical Activity Injury Figure 2: Transportation Injury
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14 Note that of the Children’s Hospital of Pittsburgh of UPMC data obtained there were 33,081 records (18.83% of total) that had
no recorded information on diagnosis code or admit time. We excluded these records from the analysis because we cannot analyse
injury type or admit time for these records. The percentage of remaining patients that entered hospital and were discharged on the
same day is 66.08%, indicating that we are not solely excluding ED visits where less information about patients may have been
recorded.
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Figure 3: Accidental Fall Figure 4: Struck Object or Person
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Note: age of children is restricted to between 7 and 17 for self-inflicted injuries. Risk score category

Figures 1 to 6: Proportion of Selected Hospital Injury Events for Children Referred to Allegheny County by Maximum
Placement Scores.

We also analyzed the placement scores for children who experienced a referral to child welfare (Allegheny County
Department of Human Services) within 2 years of a hospital event. Referrals that were recorded in the 30 days after
the hospital event were excluded because these referrals may have been as a result of the hospital admission. To assess
placement scores for children referred in the 2 years following the hospital event, we analyzed hospital event data
from the period between April 01, 2010 and December 15, 2013. To assess placement scores for children referred in
the 2 years prior to the hospital event, we analyzed hospital event data from the period between April 1, 2012 and
December 15, 2015.

Table 8 shows the mean of the maximum placement score (for each child) in the two years prior to and the two years
after the hospital event, by hospital event type. Appendix 2 contains a definition of the injury codes. Note that one
admission could appear in multiple categories of hospital event type, as each admission may have multiple coded
diagnoses. The highest placement risk scores are for hospital events of Abandonment or Neglect, Suicide and Self-

inflicted Injuries, and Physical Assault. For Abandonment or Neglect and Suicide and Self-inflicted Injuries the
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average placement score in the two years previously is 17.23 and 14.54 respectively, and 18.55 and 16.98 respectively
in the following two years. The risk score for Physical Assault hospital events is also among the highest observed with

14.96 for referrals in the previous two years and 15.11 for referrals in the two years following a hospital event.
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Table 8: Placement Score of Admitted Children who were also referred to Child Welfare

Placement Score Received in 2 Placement Score Received 2
Years Prior to Hospital Admission = Years after Hospital Admission
Type of Admission N Mean 95% Confidence N Mean 95% Confidence
Placement Interval Placement Interval
Score Score
Accidental fall 1,090 11.97 11.63 12.30 1205 12.02 11.70 12.34

Injury from physical 1,319 1204 1173 1234 1549 12.66 12,38  12.95
activity

Accident struck by 1611 1222 1194 1250 1724 1245 12,18 1271
object/person

Injury from medical 146 12.27 1137 13.18 171 12.60 11.84 13.35
procedure

Toxic reaction from 258 1251 1186  13.16 254 12.48 11.77 1319
animal or plant

Injury from 333 1253 1193 13.14 333 12.22 11.60 12.84

transportation
Accidental poisoning 62 1265 1143 13.86 57 13.28 11.94 1463
non-drug/pharm
Accidental poisoning 44 1286  11.16 1457 60 13.67 12,37  14.96
drugs/pharms
Injury from smoke/fire 9 12.89 9.06 16.72 7 14.29 8.47 20.10

Injury undetermined 22 13.86 11.70  16.03 18 15.50 13.18 17.82
accident or on purpose

Self-inflicted injury 111 14.54 13.50 15.59 91 16.98 16.17 17.78
Adverse effect 74 1482  13.75 1590 87 12.91 11.78  14.04
therapeutic drug use

Physical assault 433 14.96 14.50 15.42 461 15.11 14.67 15.55
Accident due to 13 1723 1567 18.79 11 18.55 1753 19.56

abandonment/neglect
Note: Maximum placement scores are calculated in the two years prior to hospital event, or two years after hospital event for all
children who had a referral two years after a hospital event.
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External Validation: Critical Events

Thankfully, given the rarity of child death, there are too few referrals where the victim/child experienced an abuse-
related fatality or near fatality to be useful for prediction purposes. However, these outcomes are useful in providing

“external validity” to the model.

Overall, there were 127 referral victims who were at some point involved in an Act 33 event. These include children

who were referred only after the fatality or near fatality event.

To test the correlation between placement risk score and Act 33, we estimated a probit model where the dependent

variable ACT33; equals 1 if the child was ever involved in a fatality or near fatality and zero otherwise.
Pr(ACT33; = 1|SCORE;) = ®(a + BSCORE;) (Model 1)

We estimate the probability of observing an Act 33 event conditional on the estimated probability from the placement
model given to the child (SCORE;), where ®(-) is the Normal cumulative density function. Standard errors were
clustered at the child level to account for the fact that children are re-referred and their scores are not independent.

Figure 7: Stata output from Estimate of Model 1

Probit regression Number of obs = 99351
Wald chi2 (1) = 97.28
Prob > chi2 = 0.0000
Log pseudolikelihood = -861.61167 Pseudo R2 = 0.0272

(std. Err. adjusted for 52379 clusters in MCI_ID)

Robust

ACT33 Coef. Std. Err. Z P>z [95% Conf. Interval]
plsm2 1.472521 .1492935 9.86 0.000 1.179911 1.765131
_cons -3.2401 .045667 -70.95 0.000 -3.329606 -3.150595

. mfx

Marginal effects after probit

y = Pr(ACT33) (predict)
= .00099274
variable dy/dx sStd. Err. z P>|z]| [ 95% C.I. ] X
plsm2 .0049251 .00089 5.51 0.000 .003174 .006676 .100308

Figure 7 provides the Stata output from this estimation. The estimated marginal effect is seemingly small in
magnitude, but statistically different from zero at better than a 1% level. The model suggests that, on average, a ten-

percentage-point increase in the probability of placement leads to an increase in the probability of an Act 33 event by
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0.05 percentage points. This may appear to be a small effect, but this finding needs to be seen in the context of an
overall mean probability of 0.1% that an Act 33 event will be observed in our data. Thus, every ten-percentage-point
increase in this estimated probability of a placement is associated with a 50% increase in the probability of an Act 33

event.

COMPARISON TO STRUCTURED DECISION MAKING AND RULE-
BASED / THRESHOLD APPROACHES

Another way of testing whether the predictions made by the model are accurate “enough” is to compare them to other
existing risk scoring tools. Unfortunately, there is very limited information available concerning the performance of

other prediction models in the market, such as those developed by Eckerd or SAS.

The Structured Decision Making (SDM) model, however, has been recently validated in California (Dankert and
Johnson, 2014). The tool that they tested was one that was introduced in 2007 for predicting the risk that children
would go on to experience recurrent maltreatment. Their validation consisted of families that were investigated
between July 1, 2010, and June 30, 2011 with an 18-month follow up. In Table ES1 of that report the authors detail
the results of the current risk scores and the outcomes for children following the risk scores. Note that for the Dankert
and Johnson model the follow-up period was 18 months compared with the 2-year follow up period for the Allegheny

County model.

Table 9: Comparison of SDM with Allegheny County Model.

Dankert and Johnson (2014) Allegheny County Model
N % Removals N % Placements

Total Sample 11,444 100% 5% 23,069 | 100% 9%
Low 2,840 25% 2% 5,448 24% 2%
Moderate 5,130 45% 4% 10,184 | 44% 6%
High 2,623 23% 9% 5,720 25% 16%
Very High 851 7% 13% 1,717 7% 36%
Lift * 9 23

Note: *Lift is calculated as the ratio of the placement rate for Very High with the placement rates for Low. The Allegheny County data are based
on the validation sample only. The follow up period for the Dankert and Johnson model is 18 months and for Allegheny County it is 2 years.

The results reported in Table 9 compare the SDM model applied to the California re-validation sample and reported in

Table ES1 in Dankert and Johnson (2014) with the Allegheny County Model. To make the comparison appropriate,
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we generated an SDM equivalent risk score for the Allegheny County model using the Allegheny County placement
model. The risk scores were generated so that the distribution of the scores would match the SDM distribution (e.g.,

only 7% of the sample would receive a score of Very High).

The area under the ROC for Dankert and Johnson was not provided, therefore we use the cumulative lift score
calculated at the Very High level as a comparison of the goodness of fit. This ratio should be less affected by the
difference in the follow-up periods between these two models. At the Very High level, the Allegheny County Model
outperforms the SDM with a lift ratio (Very High to Low risk) of 23 compared to 9. That is, a Very High risk
individual in SDM is 9-times more likely to be placed compared to someone in the Low risk group; whereas a Very

High risk individual in the PRM model is 23-times more likely to be placed than someone in the lowest risk group.

Since SDM is built on models that use only a restricted number of predictor variables, and also rely on staff entering
the values, we might have expected the SDM to perform worse. On the other hand, the SDM has available to it data
that are collected for the purposes of risk assessment compared to the PRM which uses administrative data. Therefore,
the difference in performance (within this small case study) provides an optimistic view of the potential for PRM to

improve call screening decisions.

We also compared PRM to rule-based threshold approaches to identify “high risk” referrals. It is sometimes argued
that rather than going through the process of embedding a predictive risk model, we might be able to identify “high
risk” referrals simply by employing a series of rules. These are sometimes called “thresholds models” because they
assess a call on the basis of a fixed set of thresholds or hurdles. Once referral meets the set of hurdles, it is classified

as high risk.

The advantage of such an approach is that it does not need the building of a predictive risk model and is easily applied
by frontline caseworkers and screening staff. The disadvantages are that threshold models do not offer a risk score —
but rather a single group. The size of this group would vary depending on the nature of the threshold. Table 10

compares the “accuracy” of the threshold approach with a similar proportion of referrals chosen using PRM.

Consider a threshold model which considers all referrals where a child or adult on the referral has had at least 2
referrals in the previous 365 days. Such a threshold model would identify 21% of the sample as “high risk”. We find
that this criterion identifies referrals where only 15% of the children are placed within the 2 years following the
referrals. However, if we identify the same proportion of high risk referrals using the predictive risk model (the top
21% of calculated risk scores from the Allegheny Screening Tool), we find that 27% of these referrals are placed

within 2 years.
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Similarly, other criteria we could use based on the source of referrals (mandated vs. non mandated), age of child and
combinations can provide smaller sub-groups to identify as high risk. However, in each of these instances choosing a
similar size group using a predictive risk score provides a group of referrals with higher baseline risk of placement in

the subsequent 2 years.

Table 10: Threshold Model vs. PRM for identifying “high risk” referral

Criteria for Classifying as “High Share of Placement Rates | Placement Rates if the
Risk” on a Threshold Model Referrals in following 2 same number of
Meeting years for referrals are
Threshold referrals meeting | identified by a
threshold Predictive Risk Model
Referral from a mandated referrer 42% 12% 20%

(school, medical, court or police)

At least 2 referrals in past 365 days | 21% 15% 27%
involving any adult or child on the

referral

At least 2 referrals in past 365 days 15% 14% 30%

and a mandatory referring source

Victim or Child age<7 and at least 1 | 13% 14% 31%
referral in past 365 days for any
person on the referral

IMPLEMENTATION OF THE RISK SCORE

After considerable discussion, the research team and Allegheny County decided that results from this initial modeling

effort were promising enough to progress to the implementation stage.

Of considerable debate and discussion were questions surrounding how to present the risk scores to hotline screening
staff — and whether workers assigned to investigate a referral should also have access to the score. It was decided that
a ventile score would be calculated for each child based on both the placement and re-referral models; that is, a score
from 1 to 20 indicating the ventile into which the child’s risk score falls. For example, a placement risk score of 20
means that the child is in the top 5% of risk scores from the placement model. The same child might have a re-referral
score of 15. It was decided that based on the maximum of the placement risk score, the County would then determine
a threshold above which referrals would be required to be screened in. For this group, the call screeners would be
required to accept them for an in-person investigation. The model includes functionality that allows call screening

supervisors to override this requirement at their discretion; all overrides are documented and reviewed. For the
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referrals that are not required to be screened in, the referral would be classified into one of three categories (high,
medium, and low). This classification would be based on the maximum of the score of any child for either the referral

or placement model.

Figure 8 provides screen shots of the model as presented to the call screener. Call screeners are presented with a
classification (mandatory screen-in, high, medium or low) and a score based on the maximum score for that referral.
This score is the maximum across re-referral and placement score across all children in the referral. Note that there is
a different screen presented to the call screener when the referrals is a “mandatory-screen in.” The call-screener will

be shown an additional alert that says “Mandatory-screen in.”

Figure 8: Screen Shots of the Family Risk Score

x X

Screening Score Historical Screening Scores Screening Score Historical Screening Scores

Family Screening Score Family Screening Score -
The purpese 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

referralis screened in for investigation.

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.

High

If the Family Screening Score meets the threshold for “mandatory If the Family Screening Score meets the thresheld for “mandatory

screen-in,” the call must be investigated. In all other drcumstances, screen-in,” the call must be investigated. In all other circumstances,
the Family Screening Score provides additional information to assist the Family Screening Score provides additional information to assist
the Call Screening Unit in making a call screening decision and the Call Screening Unit in making a call screening decision and
should not replace clinical judgement. K] should not replace clinical judgement.
o
The Family Screening Score is only intended to inform call screening [} The Family Screening Score is only intended te inform call screening
decisions and is not intended to be used in making investigative or B dedsions and is not intended to be used in making investigative or
other child welfare dedisions. 3 other child welfare decsions.
B3
o
o
Last Run By: Last Run Date: Algorithm Versions Used Last Run By: Last Run Date: Algorithm Versions Used
Jane McBeth 4/7/2016, 10:32 AM Re-referral w43 Jane McBeth 4/7/20186, 10:32 AM Re-referral vA3
Placement v22 Placement v22

Mandatory Screen-In

The threshold for the mandatory-screen in was determined solely by placement score and designed to capture as many
of the Act 33 children as possible. The high, medium and low categories are based on the maximum of the referrals
and placement scores. ”

Table 11 outlines the sensitivity of the risk classes with respect to the Act 33 referrals.

The Act 33 referrals were used in this sensitivity analysis because they were the greatest priority for leadership within
the County. In this case, we find that 49% of Act 33 events would have been automatically screened-in for

investigation. Recall that in the context of Act 33, we include children who might have had an Act 33 in the past or
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concurrently with the referral. The reason we are using Act 33 is that they are good proxies for high risk families — not
because these particular Act 33 events would have been preventable in any way. In our Act 33 sample, there were only
18 referrals where the critical incident occurred more than 50 days after the referrals and could therefore have been

considered to be in any way “preventable.”

Table 11: Screening Score Groups and Act 33

N (No
. Race
Risk Class Model) Share
Low 7 0.60
Medium 19 0.15
High 37 0.30
Mandatory 60 0.49
Screen-In
Total 123 1.00

Table 12: Screening Score Groups and Outcomes (all sample of referrals, no race model).

Share of referrals | Placed in 365 days | Placed in 730 days

Low 0.20 0.009 0.018

Med 0.28 0.027 0.044

High 0.27 0.057 0.089

Auto 0.24 0.167 0.223

Total 1.00 0.067 0.097

Ratio 18.26 12.28

Referred in Referred in Service Openin | Currently Screened | Black Race
365 days 730 days 730 days In

Low 0.212 0.297 0.043 0.24 0.193
Med 0.300 0.418 0.090 0.36 0.327
High 0.403 0.548 0.138 0.49 0.410
Auto 0.329 0.468 0.157 0.75 0.514
Total 0.320 0.444 0.111 0.47 0.371
Ratio 1.56 1.58 3.68 2.99 2.66

Table 12 shows a range of outcomes for each of the risk groups and the ra