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The world is becoming increasingly dependent on technology, cell phones,
and other hand-held devices that put the entirety of the internet in the
hands of users. Streaming services provide users with real-time up-to-date
recommendations on television shows, YouTube clips, movies, and news
stories.1 These examples illustrate a phenomenon called big data. IBM, a
company that has explored this phenomenon, suggested that 2.5 quintillion
bytes of data are created every day, with over 90 percent of today’s data created
within the last two years.2 Big data is being heralded as the next significant
“tech disruption” since the internet and digital economy.1 As dependence on
technology has increased, advancements in computing technology that aids in
decision-making processes has also increased. Therefore, it is crucial to understand
terms like, big data, machine learning, and predictive analytics particularly as
systems continue to rely on and exploit data in the decision-making process.
Big data refers to the use of data from various sources to represent information.3 This process of data mininga
helps identify trends, patterns, and relationships among data to use in the development of a predictive
model.4 Through machine learning, data is compiled by an algorithmb that discovers patterns then develops
new knowledge based on the different pieces of information.5 Thus, machine learning is capable of creating
new knowledge and discovery without the intervention of a human user.6 For example, in the health care
system, machine learning discovered that young people in a certain region developed diabetes at an increased
rate compared to young people in other regions. The computer generated a test to examine a trend not
yet hypothesized by a researcher.1 Through big data, a vast number of sources and examples are compiled
for the machine to learn from, an algorithm so complex and large that only a machine would be capable
of rendering the information useful. Machine learning establishes predictive capabilities by building upon
statistics and computer science in a trial-and-error learning process,5 which can be useful during both the
hypothesis generating phase and the testing phase.1
Organizations have typically used descriptive analytics to aid in decision-making, which enable the organization
to summarize data into meaningful charts or reports.7 This technique categorizes and classifies data into
useful information to understand and analyze performance. However, with the rise in big data and computing
advancements in machine learning, predictive analytics has the potential to use a variety of statistical and
analytical techniques to examine current and historical data. These data enable analysts to identify patterns
and correlations to create a model to predict trends and behavior patterns.7,4 Arguably, predictive analytic
models promote rational decision-making, limiting the risk of biases in decisions. Prescriptive analytics,
considered the highest level of data analytics, uses optimization to identify the best technique to minimize
or maximize the targeted objective.7 Prescriptive analytics requires a predictive model in conjunction with
actionable data and a feedback system that tracks outcomes produced by actions.8
Making ethical and rational decisions is of utmost importance within the child welfare system, given the
potential consequences of those decisions for the entire family.9 Using a predictive analytic model can arguably
increase objectivity, equity, and fairness to the decision-making process.10 Therefore, the main purpose of
this paper is to highlight the use of technology in child welfare that includes a discussion of its positive and
potentially negative impact on bias.
a

b

Data mining is the process of discovering patterns in large data sets involving methods at the intersection of machine learning, statistics,
and database systems. Data mining is an interdisciplinary subfield of computer science with an overall goal to extract information
(with intelligent method) from a data set and transform the information into a comprehensible structure for further use.
See SAS (n.d.). Data mining: What it is and why it matters. SAS The Power to Know. Retrieved from
https://www.sas.com/en_us/insights/analytics/data-mining.html
Algorithms are processes machines use to learn. Different algorithms learn in different ways. As new data are provided to the
machine, the algorithm improves, increasing the intelligence over time. See Nevala, K. (n.d.). The machine learning primer: A SAS
best practices e-book. SAS Executive Series retrieved from
https://www.sas.com/content/dam/SAS/en_us/doc/whitepaper1/machine-learning-primer-108796.pdf
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Understanding Predictive Analytics
Predictive analytics deals with information retrieval to predict
an unknown event of interest, typically a future event. Using
technology that learns from data to predict these unknown events
could drive better decisions.5 Data can be both structured—
readily available data like age, income, and marital status and
unstructured—textual data from call center notes, social media
content, or other open text types. Using various data, predictive
models can uncover patterns and relationships, which allow
organizations to anticipate outcomes based upon more concrete
information than an assumption.11 Thus, the goal of predictive
analytics is to enhance human decision-making behavior,
rather than relying on human knowledge, personal experience, or
subjective intuition alone.12 Within that goal, predictive analytics
could create a positive impact on potential implicit or explicit biases.
There are several steps in the predictive analytics process:

Identification of the problem and a determination of the outcomes and objectives is a crucial first step. Being
able to identify the objective of the problem will aid in determining the appropriate data to use for the model.

Data Collection incorporates data mining techniques, which prepare the data for analysis using data

storage and data manipulation technologies from multiple sources. One distinctive feature of data mining is that
it catalogs all relationships (or correlations) that may be found among the data, regardless of the causes of the
relationships.4 As part of the predictive analytics process, statistical or machine learning algorithms can detect
patterns and identify relationships among the data and make predictions about new data. Data mining can be
used to gather knowledge of relationships among the data and then apply that knowledge in predictive modeling.

Data Analysis is a process of inspecting, cleaning, and modeling data with the objective of discovering

useful information. Statistics are used during data analysis to validate assumptions and test hypotheses. Using
sophisticated statistical methods, including multivariate analysis techniques such as advanced regression or
time-series models, statistics allow for the exploration of intentional and specific relationships among data.
Regression models are among the most commonly used techniques in predictive analytics. These models
mathematically describe the relationship between the predictor (explanatory) variable and the outcome
variable. Machine learning techniques, another popular method used to conduct predictive analytics, are
drawn from a number of fields of study such as artificial intelligence—where they were originally used to
develop techniques to enable computers to learn.13 Different from the traditional statistical methods, which
typically require the data to have certain characteristics and often use only a few key features to produce
results, machine-learning models use a number of parameters in a computer-based method to find similarities
and patterns among the data. These models tend to sacrifice interpretability for better predictive accuracy,
using a wider spectrum of unstructured data like text and images.

Modeling captures patterns and relationships within the data and extrapolates future outcomes based on

those patterns and relationships.3 The main assumption that underlies a predictive model is that a future
event will continue as past events have occurred.14 Some researchers have argued that this assumption is a
flaw in the model, as past behaviors do not always predict future behaviors.15
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Model Deployment and Monitoring are the final steps in the predictive analytics process. Model

deployment involves implementing the analytic results into the decision-making process. For example, using a
predictive model to establish a pattern that depicts the likelihood that a caregiver will chronically maltreat their
children. Once this pattern is established, the model should be deployed to make predictions about future
risk for maltreatment. Model monitoring is utilized to manage and review the model performance to ensure
that the model is working as intended. For example, assuming past maltreatment events will predict future
maltreatment events is a flawed assumption on its own. Even though people are habitual in their routines,
these habits are not absolute and behavioral changes can occur, which would invalidate the model used
to predict the behavior.14 Model deployment and monitoring could influence the decision-making process;
therefore, ensuring an accurate, valid model is crucial. It is important to note that models should not be solely
responsible for decisions, but merely an additional tool.

Predictive Risk Modeling in Child Welfare
Recently, the utilization and effectiveness of predictive analytics
in the child welfare field has garnered attention. The decisionmaking process in child welfare systems is challenging and
complex. Research on decision-making has noted that at times,
individuals diverge from rational decision-making models,
using heuristics or implicit bias to make decisions.16 Arguably,
individuals have a limited capacity to grasp and comprehend large
quantities of information; therefore, being guided by heuristics
simplifies the information so that it is easier to process.17 Child
welfare professionals are expected to make decisions about the
safety of the home environment, such as determining the type
and egregiousness of maltreatment and identifying the services
needed for the family and child.18 Decisions are made based on
the resources available to the decision-maker,19 who use a gamut
of information from various sources;20 however, the information
collected is often incomplete due to the high demands of the job
coupled with the limited time to make decisions.
Risk and safety assessment tools have been utilized to aid in the decision-making process. Actuary risk
assessment tools and structured decision-making models have been implemented in several child welfare
agencies across the U.S.10,21 While actuary risk assessment tools and structured decision-making models
are widely accepted as effective in predicting risk of child maltreatment, these tools rely on the quality of
the information available to the child welfare professional.10 Accurate assessment of child safety and risk is
paramount for effective child protection practice,22 while inaccurate assessment of risk can have dire effects
on children and families.10,23
Predictive risk modeling has recently been incorporated into child welfare practice to support these risk
assessment tools, which support clinical expertise.10 However, before gaining momentum, predictive analytics
was used in the early 2000s to predict risk of child maltreatment using artificial neural networks.24,25 These
neural networks were arguably more effective than standard multivariate techniques.24 Moving on from these
early prediction models, researchers worked to train models to predict the likelihood of children reaching
the threshold of harm, which reliably predicted future risk of maltreatment.26 Predictive risk modeling is still
a relatively new practice in the child welfare system, with several efforts to test the efficacy of such a model
within child welfare practice.10
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Research that has examined predictive risk modeling within child welfare practice typically focuses on
identifying families and children at risk and preventative services for these families.27 For example, in the New
Zealand study, researchers aimed to predict risk for child maltreatment within the general population using
a predictive risk model.28 The model predicted maltreatment risk at 76 percent, similar to the rate found in
digital mammography and incorporated 132 predictors. In Hillsborough County, Florida, data for a 5.5-year
trend analysis were used to apply predictive analytics to identify characteristics of children with a higher
likelihood of premature death,29 the Eckerd Model. Predictive analytic applications have been developed
to examine other outcomes within the child welfare system including re-entry following reunification.30
Allegheny County, Pennsylvania, implemented a predictive risk model tool during hotline calls, using data
from 27 departments. The predictive risk model produced a risk score assigned to the household to predict
the likelihood of placement or re-referral within one year following a hotline call.31 Predictive risk models
are learning models when implemented into live data systems so that scores can continually be adjusted to
account for prior history and to ensure that models are regularly re-weighted and re-validated.10
A benefit of using predictive modeling in the child welfare system is the ability to examine many data
points to establish a relationship not previously specified as an outcome of interest, a limitation of actuary
risk assessment tools which rely on known and established relationships with a specified outcome.10,24
In addition, predictive models examine existing data on the target population, a limitation for actuary risk
assessment tools as well, given that actuary risk assessment tools are rarely validated with the population
of interest.32 A caution when using a predictive risk model is the inability for the model to accurately predict
rare events. Child fatalities, though serious, are a rare outcome in the child welfare system (2.36 children per
100,00033) and data-mining techniques are considered insufficient at identifying these types of events.34 While
the use of predictive analytics in the child welfare system comes with
increased prediction capacity, there is a need to balance specificity of
the model with sensitivity of the model.10 Data availability and quality
are also important considerations32 as the statistical power of predictive
risk models improve with large quantities of quality data—i.e., few
missing data, few data errors, and appropriately specified data fields.35
Researchers argue that agencies should demystify predictive analytics to
promote buy-in and ownership from child welfare professionals,36 which
should improve data quality and model performance.

Latent Biases in Artificial Intelligence Models
Research on disparity in the child welfare system highlights that minority children are disproportionately more
likely to have contact with the child welfare system and achieve poorer outcomes across the child welfare
continuum compared to children who identify as White. Minority families and children have a disproportionate
amount of cases that are accepted as investigations,37 they are more likely to receive out-of-home services,38
and they have a longer wait in foster care prior to reunification.39
There have been competing explanations for this incongruence circulating the social science community for
decades. Some research has pointed to implicit bias as a driver of such disparities.40,41 Other scholars have
confounded findings with data that show the majority of reports to our child welfare system are based on neglect
allegations, which are highly correlated with poverty.42,43 Minority children are disproportionately more likely
to live in families considered to be impoverished compared to White children.44 Research on intersectionality
suggests that minority families have compounding levels of discrimination,45 which could increase the rate of
foster care in these families. Poverty may not be a root cause to the disproportionality in the child welfare
system, but it certainly affects the well-being of children and parental capacity. In addition, research points
to surveillance biases as a contributor in the disproportionality of Black children involved in the child welfare
system. A surveillance bias, for example, may lead to the increased, systematic, outcome-related scrutiny of
Black families compared to White families, leading to a higher likelihood of these families having a maltreatment
claim screened-in or substantiated.46,47
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Actuary risk assessment tools and structured decisionmaking models are still considered a human enterprise.
The child welfare professional drives the assessment,
which potentially leads to clinical judgements susceptible
to error and bias.48 On a basic level, people tend to rely
on characteristics that are highly prone to bias, such as
instincts, experiences, generational traits, and cultural
beliefs.49 Artificial Intelligence (AI) has the potential to
transform child welfare as it examines many data points
to establish a relationship.10,24 With the subjectivity that is
present within all human decision-making, incorporating
the use of AI modeling as a tool could positively impact
outcomes and support clinical expertise.10 Arguably,
using data-driven approaches increases objectivity,
equity, and fairness. Machine learning assists with
quickly compiling historical data and creating a risk map
to assist with decisions.50 Using a predictive model that
has a learning component can account for variations
in different subpopulations and potentially capture
changes in risk over time.10 Artificial Intelligence has the
potential to positively influence the child welfare system’s
effectiveness; however, when used inappropriately, there
is a risk of AI technology perpetuating inequality.
There is a fine line between bias and prediction, with both using past information to make decisions on future
behaviors.50 Arguably, it is impossible to account for all unknown factors that could influence the model,
particularly, when future events do not follow the historical data, rendering the model invalid.51 For example,
the Black Swan Theory suggests that there are unanticipated events that make a major impact,51,52 which
could weaken the predictability of the model. Dataveillance, a term conceptualized by Clarke,53 refers to the
systematic monitoring of people using data systems to regulate behavior,54 and is another concern when
using a predictive model. In particular, using the model as a means to monitor or surveil someone is highly
contested and raises ethical paradoxes.54,55 Therefore, it is imperative to understand and account for the
potential biases in using a predictive model. For example, biases in favor of positive results could impact the
interpretation of the data, i.e., looking for data to justify decisions instead of justifying decisions based on the
data.56 AI algorithms are not generally biased but the deterministic functionality of the AI model is subjected
to the tendencies of the data; therefore, the corresponding algorithm may unintentionally perpetuate biases
if the data are biased. Biases in AI can surface in various ways. The data may be insufficiently diverse, which
can prompt the software to guess based on what it “knows”. In 2016, for example, AI was used to judge a
beauty contest, which resulted in nearly all the 44 winners resembling White or light skinned individuals.57 The
algorithm, it was suggested, was trained using mostly photographs of White individuals, thus the algorithm
was inherently biased, resulting in unintentional biased results.58
There are three basic types of bias associated with AI. Interaction bias occurs when the user biases the
algorithm through interactions. For example, Google asked users to draw a shoe. Each of the users drew a
man’s shoe, therefore, the algorithm did not recognize that high heel shoes were also shoes.59 Latent bias
occurs when the algorithm incorrectly correlates ideas with social constructs such as gender or race. For
example, correlating doctor with men based on stock imagery.60 Finally, selection bias occurs when the
data used to train the algorithm over represent one population, making the algorithm operate better for that
population at the expense of other populations. Using the beauty contest example from above, presenting
the image of a White individual to train the AI model judging the contest, will result in White individuals
overwhelmingly winning the beauty contest compared to non-White individuals.57
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Combating Artificial Intelligence Biases. While biases

can occur in AI modeling, computer and social scientists have
begun to address these issues and solutions have already begun
to emerge. Google, for example, has been actively engaged
in AI bias research and created the PAIR initiative to make AI
partnerships productive, enjoyable, and fair.61 This seminal work
on AI bias discusses ways to define and remove discrimination
by improving machine-learning systems. Given the increasing
reliance on machine learning technologies to make decisions
across core social domains, it is crucial to ensure these decisions
are non-biased.62 The equal opportunity by design, proposed
based on the inadvertent biased outcomes based on the
structure of big data techniques, is considered a guiding principle
to avoid discrimination against protected attributes.61 Identifying
threshold classifiers is critical to identifying discrimination within
the machine-learning system.
Supervised learning, a technique to avoid discriminatory outcomes within the data, seeks to predict the
true outcome, thus making bias obsolete.61 The supervised learning technique provides a framework for
shifting the cost of poor classification from disadvantaged groups to the decision maker, who can respond by
improving the classification accuracy. Algorithmic discrimination prevention involves modifying the training
data, the learning algorithm, or the decisions (outcomes) to ensure that decisions made by supervised
learning methods are less biased.
Machine learning requires some effort on the part of the data team, as the algorithm needs to be taught which
associations are good and which are bad.50 Using different algorithms to classify two groups represented in
a set of data, rather than trying to measure everyone in the same way, could lead to fewer instances of bias.
For example, evaluating female engineering applicants based on factors tailored to predicting a successful
female engineer potentially eliminates the possibility the applicant is excluded based on the qualities of
success in male engineers. Advanced computational capabilities within AI makes the use of classificationbased algorithms practical.

Conclusion
While predictive analytics are being explored in both the public and
private sectors with enthusiasm, there is concern that the use of big
data technology has not had enough academic discourse prior to
organizations adopting these techniques.3 There is much to be learned,
and even more to be explored, when it comes to artificial intelligence
and its role in child welfare decisions. With that, the Florida Institute for
Child Welfare (Institute) offers itself as an academic partner with agencies
who are interested in incorporating technological rigor within their child
welfare practice. The Institute is currently at the front-end of a multi-year
Predictive Analytics project with the Florida Department of Children and
Families and remaining active around issues of technology and child
protection will enable the Institute to deliver tangible and sustainable
recommendations for social policy.

FLORIDA INSTITUTE FOR CHILD WELFARE

7

References
Agarwal, R., & Dhar, V. (2014). Editorial—big data, data science, and analytics: The opportunity and challenge for IS research.
Information Systems Research, 25, 443-448. https://doi.org/10.1287/isre.2014.0546

1

2

IBM. (n.d.). IBM big data analytics: Insights without limits. Retrieved from https://www.ibm.com/it-infrastructure/solutions/big-data

3

4

5

6

7

8

9

10

11

12

13

14

15

Gandomi, A., & Haider, M. (2015). Beyond the hype: Big data concepts, methods, and analytics. International Journal of Information
Management, 35, 137-144.
Nyce, C. (2007). Predictive Analytics White Paper. AICPCU/IIA. Retrieved from
https://www.hedgechatter.com/wp-content/uploads/2014/09/predictivemodelingwhitepaper.pdf
Siegel, E. (2013). Predictive analytics: Harnessing the power of big data. Analytics. Retrieved from
http://analytics-magazine.org/predictive-analytics-2
Dhar V (2013) Data science and prediction. Communications of the ACM, 56, 64–73. Retrieved from
https://cacm.acm.org/magazines/2013/12/169933-data-science-and-prediction/fulltext
Evans, J. R., Lindner, C. H. (2012). Business analytics: The next frontier for decision sciences. Decision Science Institute. Retrieved from
http://faculty.cbpp.uaa.alaska.edu/afef/business_analytics.htm
van Rijmenam, M. (2014). The future of big data? Three use cases of prescriptive analytics. Datafloq. Retrieved from
https://datafloq.com/read/future-big-data-use-cases-prescriptive-analytics/668
Drury-Hudson, J. (1999). Decision making child protection: The use of theoretical, empirical and procedural knowledge by novices and
experts and implications for fieldwork placement. British Journal of Social Work, 29, 147-169.
Cuccaro-Alamin, S., Foust, R., Vaithianathan, R., Putnam-Hornstein, E. (2017). Risk assessment and decision making in child protective
services: Predictive risk modeling in context. Children and Youth Services Review, 79, 291-298.
PAT Research. (2018). What is predictive analytics? Retrieved from
https://www.predictiveanalyticstoday.com/what-is-predictive-analytics
Church, C. E., & Fairchild, A. J. (2017). In search of a silver bullet: Child welfare’s embrace of predictive analytics. Juvenile & Family Court
Journal, 68, 67-81.
Hall, P., Phan, W., & Whitson, K. (2016). The evolution of analytics. Sebastopol, CA: O’Reilly Media, Inc. Retrieved from
https://www.sas.com/content/dam/SAS/en_us/doc/whitepaper2/evolution-of-analytics-108240.pdf
Davenport, T. (2014). A predictive analytics primer. Harvard Business Review. Retrieved from
https://hbr.org/2014/09/a-predictive-analytics-primer
Gal, U. (2018). Predictive algorithms are no better at telling the future than a crystal ball. Retrieved from
http://theconversation.com/predictive-algorithms-are-no-better-at-telling-the-future-than-a-crystal-ball-91329

16

Kahneman, D., & Tversky, A. (1973). On the psychology of prediction. Psychological Review, 80, 237-251.

17

Evans, J. S. B. (2008). Dual-processing accounts of reasoning, judgment, and social cognition. Annual Review of Psychology, 59, 255-278.

18

19
20

21

22

23

24

25

26

27
28

29
30

Crea, T. M. (2010). Balanced decision making in child welfare: Structured processes informed by multiple perspectives. Administration
in Social Work, 34, 196-212. doi: 10.1080/03643101003609529
Kemshall, H. (2010). Risk rationalities in contemporary social work policy and practice. British Journal of Social Work, 40, 1247-1262.
Ruscio, J. (1998). Information integration in child welfare cases: An introduction to statistical decision making. Child Maltreatment, 3,
143-156.
Pecora, P., Chahine, Z., & Graham, J. C. (2013). Safety and risk assessment frameworks: Overview and implications for child
maltreatment fatalities. Child Welfare, 92, 143-160.
Gelles, R. J., & Kim, B. (2013). The tipping point in child welfare systems: Decision making, information, and risk assessment. Retrieved from
https://fieldcenteratpenn.org/wp-content/uploads/2013/05/The-Tipping-Point-of-Child-Welfare-Systems-Decision-Making-Informationand-Risk-Assessment.pdf
Shlonsky, A., & Wagner, D. (2005). The next step: Integrating actuarial risk assessment and clinical judgment into an evidence-based
practice framework in CPS case management. Children and Youth Services Review, 27, 409–427.
Marshall, D. B., & English, D. J. (2000). Neural network modeling of risk assessment in child protective services. Psychological Methods,
5, 102–124. http://dx.doi.org/10. 1037/1082-989X.5.1.102.
Zandi, I. (2000). Use of artiﬁcial neural network as a risk assessment tool in preventing child abuse. Retrieved from
http://www.acasa.upenn.edu/neuralpdf.htm
Schwartz, I. M., York, P., Nowakowski-Sims, E., & Ramos-Hernandez, A. (2017). Predictive and prescriptive analytics, machine learning
and child welfare risk assessment: The Broward County experience. Children and Youth Services Review, 81, 309-320.
Packard, T. (2016). Literature review: Predictive analytics in human services. San Diego, CA: Southern Area Consortium of Human Services.
Vaithianathan, R., Maloney, T., Jiang, N., Dare, T., de Haan, I., Dale, C., & Putnam-Hornstein, E. (2012). Vulnerable children: Can
administrative data be used to identify children at risk of adverse outcomes? Auckland, New Zealand: University of Auckland.
Retrieved from https://www.msd.govt.nz/documents/about-msd-and-our-work/publications-resources/research/vulnerablechildren/auckland-university-can-administrative-data-be-used-to-identify-children-at-risk-of-adverse-outcome.pdf
Eckerd Connects. (2018). Eckerd rapid safety feedback. Retrieved from https://eckerd.org/family-children-services/ersf
Mindshare Technology. (2016). Children in foster care beneﬁtting from breakthroughs in innovative predictive analytical application to
improve front-line social work practice. Retrieved from
http://mindshare-technology.com/wp-content/uploads/2016/01/Applied_Predictive_Analytics.pdfApplied_Predictive_Analytics.pdf

FLORIDA INSTITUTE FOR CHILD WELFARE

8

31

32
33

34

35

36

37

38

39

40

41

Vaithianathn, R., Putnam-Hornstein, E., Jian, N., Nand, P., & Maloney, T. (2017). Developing predictive models to support child maltreatment
hotline screening decisions: Allegheny County methodology and implementation. Centre for Social Data Analytics. Retrieved from
https://www.alleghenycountyanalytics.us/wp-content/uploads/2017/04/Developing-Predictive-Risk-Models-package-with-cover-1-to-post-1.pdf
Russell, J. (2015). Predictive analytics and child protection: Constraints and opportunities. Child Abuse & Neglect, 46, 182–189.
Child Welfare Information Gateway. (2018). Child abuse and neglect fatalities 2016: Statistics and interventions. Retrieved from
https://www.childwelfare.gov/pubPDFs/fatality.pdf
Lazarević, A., Srivastava, J., & Kumar, V. (2004). Data mining for analysis of rare events: A case study in security, ﬁnancial and medical applications.
Minneapolis, MN: University of Minnesota, Department of Computer Science, Army High Performance Computing Research Center.
Connelly, R., Playford, C. J., Gayle, V., & Dibben, C. (2016). The role of administrative data in the big data revolution in social science research.
Social Science Research, 59, 1–12.
Gillingham, P. (2016). Predictive risk modelling to prevent child maltreatment and other adverse outcomes for service users: Inside the ‘black
box’ of machine learning. British Journal of Social Work, 46, 1044–1058.
Fluke, J. D., Chabot, M., Fallon, B., MacLaurin, B., & Blackstock, C. (2010). Placement decisions and disparities among aboriginal groups: An
application of the decision making ecology through multi-level analysis. Child Abuse & Neglect, 34, 57–69. http://dx.doi.org/10.1016/j.
chiabu.2009.08.009
Adoption and Foster Care Analysis and Reporting System (AFCARS). (2016). The AFCARS report. Preliminary FY 2015 Estimates as of June 2016,
23, 1-6. Retrieved from https://www.acf.hhs.gov/sites/default/files/cb/afcarsreport23.pdf
Morton, C. M., Ocasio, K. & Simmel, C. (2011). A critique of methods used to describe the overrepresentation of African Americans in the child
welfare system. Children and Youth Services Review, 33, 1538-1542. doi: 10.1016/j.childyouth.2011.03.018
Pryce, J., Lee, W., Crowe, E., Park, D., McCarthy, M., Owens, G. (2018). A Case Study in Public Child Welfare: County Level Practices that address
disparity in foster care placement, Journal of Public Child Welfare.
Lee, J., Bell, Z., Ackerman-Brimberg, M., (2017). Implicit Bias in the Child Welfare, Education and Mental Health Systems, National Center for
Youth Law.

42

Gil, D. G. (1970). Violence against children: Physical child abuse in the United States. Cambridge, MA: Harvard University Press.

43

Waldfogel, J. (1998) Rethinking the paradigm for child protection. The Future of Children, 8, 104-119.

44

45

46

Kids Count Data Center. (2017). Children population by race. Retrieved from http://datacenter.kidscount.org/data/tables/103-child-populationby-race?loc=1&loct=1#detailed/1/any/false/870/68,69,67,12,70,66,71,72/423,424
Murphy, Y., Hunt, V., Zajicek, A. M., Norris, A. N. & Hamilton, L. (2009). Incorporating intersectionality in social work practice, research, policy, and
education. Washington DC: NASW Press.
Chaffin, M., & Bard, D. (2006). Impact of intervention surveillance bias on analyses of child welfare report outcomes. Child Maltreatment, 11,
301-312. Doi: 10.1177/1077559506291261

47

Roberts, D. E. (2014). Child protection as surveillance of African American families. Journal of Social Welfare & Family Law, 36(4), 426–437.

48

Kahneman, D., & Klein, G. (2009). Conditions for intuitive expertise: A failure to disagree. American Psychologist, 64, 515–526.

49

50

Loehr, A. (2014). Diversity and inclusion efforts: A simple break down. Retrieved from
http://www.anneloehr.com/2018/03/01/diversity-and-inclusion-efforts-break-down
Bolukbasi, T., Chang, K., Zou, J., Saligrama, V., & Kalai, A. (2016). Man is to computer programmer as woman is to homemaker? Debiasing word
embeddings. Cornell University Library. Retrieved from https://arxiv.org/pdf/1607.06520.pdf

51

Wainwright, C. (2017). The problem with predictive analytics. Retrieve from https://blog.hubspot.com/marketing/problem-with-predictive-analytics

52

Taleb, N. N. (2010). The black swan: The impact of the highly improbable (2 ed.). New York: Random House, Inc.

53

Clarke, Roger. 1988. Information technology and dataveillance. Communications of the ACM 31, 498-512.

54

Esposti, S. D. (2014). When big data meets dataveillance: The hidden side of analytics. Surveillance & Society, 12, 209-225.

55

56

57

58

59
60

61

62

Sewell, G., & Barker, J.R. (2001). Neither good, nor bad, but dangerous: Surveillance as an ethical paradox. Ethics and Information Technology 3,
181-194.
Elder, J. (2014, October). The power (and peril) of predictive analytics. Special Plenary Session presented at the meeting of Predictive Analytics
World Conference, Boston.
Gershgorn, D. (2016). When artificial intelligence judges a beauty contest, white people win. Retrieved from
https://qz.com/774588/artificial-intelligence-judged-a-beauty-contest-and-almost-all-the-winners-were-white
Dickson, B. (2018). Artificial intelligence has a bias problem, and it’s our fault. Retrieved from
https://www.pcmag.com/article/361661/artificial-intelligence-has-a-bias-problem-and-its-our-fau
Google. (2017). Machine learning and human bias. Retrieved from https://www.youtube.com/watch?time_continue=3&v=59bMh59JQDo
Gershgorn, D. (2017). The reason why most of the images that show up when you search for “doctor” are white men. Retrieved from
https://qz.com/958666/the-reason-why-most-of-the-images-are-men-when-you-search-for-doctor
Hardt, M., Price, E., & Srebro, N. (2016). Equality of opportunity in supervised learning. Cornell University Library. Retrieved from
https://arxiv.org/pdf/1610.02413.pdf
Wattenberg, M., Viegas, F., & Hardt, M. (n.d.). Attacking discrimination with smarter machine learning. Retrieved from
https://research.google.com/bigpicture/attacking-discrimination-in-ml

FLORIDA INSTITUTE FOR CHILD WELFARE

9

