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A B S T R AC T Objective: Intervention evaluation typically follows a frequentist par-
adigm: New analyses are conducted for each subsequent study, and findings are
then used to improve policy practice. This approach largely ignores data from prior

studies, leading to information loss and incomplete or inaccurate conclusions. Un-
like the frequentist paradigm, the Bayesian paradigm uses formative data (as pri-
ors), which can be updated with the summative data, thus building on existing ev-
idence about an intervention’s effectiveness. Method: This article uses data from
the Safe Families for Children randomized controlled trial to illustrate how the
Bayesian paradigm incorporates prior evidence at the formative phase with data
at the summative phase to provide a more comprehensive analysis. This approach
is consistent with the scientific principle of evidence building. We compare the
merits of each paradigm on two evaluation criteria: (a) p-values from a chi-square
test, and (b) the probability that the intervention is superior to the comparison
group on three outcome variables (protective custody, deflection from foster care,
and whether repeat victimization occurred). Results: The Bayesian paradigm con-
sistently outperformed the frequentist paradigm. Conclusion: The Bayesian para-
digm is superior to the frequentist paradigm in demonstrating the effectiveness
of an intervention, as evidenced by smaller p-values and a higher probability that
the intervention group outperformed the comparison group.
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C
hild welfare is facing a credibility deficit. The dearth of replicable evidence

for many programs that purport to improve child and family outcomes is

eroding public confidence in the child welfare system’s capacity to deliver



on its promises of child safety, family permanence, and adolescent well-being

(Epstein & Klerman, 2012; Testa, 2018). As of March 2019, only 30 of the 456 pro-

grams (7%) cataloged by the California Evidence-Based Clearinghouse for Child

Welfare (2019) were rated as well supported by research evidence. To receive this

rating, a program must have been evaluated in at least two randomized con-

trolled trials (RCTs) conducted in different practice settings, and RCT results must

demonstrate that the program is superior to an appropriate comparison pro-

gram. The number of supported programs increases to 79 (17%) if the reproduc-

ibility criterion is dropped and superiority is demonstrated in only one RCT. Still,

only 20 of these “evidence-lite” programs are specifically designed or commonly

used for children and families served by the child welfare system due to insuffi-

cient evidence for other programs.

In 2018, the U.S. Congress codified similar evidence standards for funding child

welfare preventive services under the Family First Prevention Services Act (Chil-

dren’s Defense Fund, 2018). Because the Act prioritizes funding for services and

programs that meet certain evidence-based standards (i.e., promising, supported,

or well-supported evidence), a pressing need exists for child welfare practitioners

and researchers to conduct routine, low-cost, rigorous evaluations to expand the

supply of evidence-supported child welfare programs in usual practice settings

(Testa, 2018). New phase-based approaches to evidence building can readily incor-

porate recent methodological advances into existing continuous quality improve-

ment efforts (State of Illinois, 2016; Testa & Poertner, 2010). These advances in-

clude (a) automation of unbiased assignment mechanisms—such as randomization,

alternation, and rotational assignment—as part of routine service delivery (Higgins

& Green, 2011; Testa, 2010b, 2018); (b) tracking outcomes using existing adminis-

trative data in lieu of more expensive primary data collection (Kum et al., 2015; Per-

manency Innovations Initiative Evaluation Team, 2016); and (c) application of the

Bayesian paradigmas a supplement to conventional frequentist approaches—which

are fully based on theprobability theory—to testing validity of statistical conclusions

(Barboza, 2019; Chen & Ansong, 2019; Chen & Fraser, 2017a, 2017b; Chen et al.,

2018; Freisthler &Weiss, 2008; Kaplan, 2014;Williams et al., 2015). The integration

of these methods into phase-based approaches to evidence building holds great

promise for policy work given the increased ability to generate low-cost, replicable

results. Knowing which programs work for whom and under which conditions is

critically important with appropriate application of methods following a commit-

ment to monitoring and evaluating programs used in child welfare.

In this article, we focus on the third methodological advancement—the applica-

tion of the Bayesian paradigm—to demonstrate how incorporating prior evidence

with current data is a more comprehensive analytic approach that closely aligns

with the scientific principle of phase-based evidence building and information ac-

cumulation in intervention research. Using examples from a low-cost RCT called



Safe Families for Children, we provide insight into the Bayesian paradigm’s ability

to build on or strengthen conclusions about the efficacy of a promising interven-

tion for a targeted population.

Evidence-Building and Information Accumulation from a Bayesian Perspective

Phase-Based Evidence Building
One of the contributors to the credibility deficit in child welfare, and across the so-

cial sciences in general (Maxwell, 2004), is a tendency to rush to publish selective

findings that arise by chance in underpowered studies but fail to demonstrate sta-

tistical or practical significance at replication. To remedy this problem, scholars in

all disciplines have called for researchers to adhere to a process of evidence build-

ing that progresses through successive phases of increasingly generalizable stud-

ies (Shadish et al., 2002; Testa, 2010a). As outlined in the Framework to Design, Test,

Spread, and Sustain Effective Practice in Child Welfare (Framework Workgroup, 2014,

p. 7), rigorous evidence building occurs infive phases: identify and explore, develop

and test, compare and learn, replicate and adapt, and apply and improve. The sec-

ond phase, develop and test, is most relevant to addressing the problem of irrepro-

ducible findings. In this phase, researchers first confirm program usability and then

conduct formative evaluation to assess whether program outputs and primary short-

term outcomes are statistically trending in the desired direction before proceeding

to the next phase, compare and learn. In the compare-and-learn phase, researchers

conduct a summative evaluation to assess whether the program creates practical im-

provements in primary (preferably preregistered) long-term outcomes that can plau-

sibly be attributed to the causal effects of the intervention.

As originally formulated by Scriven (1991), a formative evaluation is conducted

with the intent of identifying weaknesses in the logic and early implementation of

a program. Scriven suggested the most useful formative evaluation is “early warning

summative,”which pilots the same unbiased allocationmechanism that will be used

at the later summative evaluation stage. The value of early warning evaluations in

child welfare reflects the reality that when rigorously evaluated, only a fraction of

promising innovations turn out to be effective or evenmarginally successful in accom-

plishing their set aims (Rossi, 1978). As a benchmark, the Laura and JohnArnold Foun-

dation (2018) and Manzi (2016) have separately reported data showing that most

RCTs conducted inbusiness, education, criminology, political science, and economics that

progress through allfive phases—frompromising innovation to reproducible successes—

seldom exceed one improvement for every four unsuccessful attempts. Given these

odds, the earlier in the evidence-building process that a warning bell can be sounded,

the better. Early warning allows corrections to be made before too much time and

effort are wasted on the implementation and evaluation of innovations that are un-

likely to show improvements when evaluated using adequately powered samples.



For the handful of interventions that complete the recommended phases, a key

analytic question worth addressing is whether Scriven’s (1991) advice about setting

aside the findings from formative evaluation is the best way to proceed. Is there an

alternative or optimal way to statistically evaluate promising innovations that is

more in keeping with the phase-based evidence-building principle? Given the push

for phase-based evidence building, the principle that evidence building ought to

pass through successive “tollgates” of implementation and evaluation is gaining

ground in the conceptualization, design, and rollout of new programs. However,

the analytic approaches that many evaluations use lag behind the movement to-

ward a phase-based approach.

Many child welfare research initiatives would benefit by shifting from a freq-

uentist paradigm, which separately analyzes formative and summative data, to a

Bayesian paradigm in which data from the formative evaluation phase are used as

prior evidence that can be updated with the final summative evaluation data, thus

building on and adding cumulatively to the evidence about an intervention’s effec-

tiveness. Next, we offer a brief review of the theoretical basis, foundational princi-

ples, andmerits of the Bayesian approach to statisticalmodelingwith the goal of call-

ing attention to its compelling consistencywith the phase-basedmindset to evidence

building.

Evidence Building Through the Lens of Bayes’ Theorem
Intervention research and program evaluation studies typically build on prior ev-

idence and then collect new data to update and improve this prior evidence. Over

time, this sequential process accumulates compelling evidence that should improve

evidence-based decision-making. This evidence-building process can be translated

into Bayes’ theorem, as represented in the following equation:

P A j Bð Þ 5 P Að ÞP B j Að Þ=P Bð Þ: (1)

A denotes the prior evidence (e.g., data from the formative phase) with probability

P(A) > 0, and B denotes the subsequently collected evidence (e.g., data from the sum-

mative phase) with probability P(B) > 0. Based on the probability theory principle of

conditional probability, P(AB) 5 P(A)P(BFA) as well as P(AB) 5 P(B)P(AFB). Therefore,

P(A)P(BFA) 5 P(B)P(AFB) because they are all equal to P(AB), which leads to P(AFB) 5

P(A)P(BFA)=P(B), as seen in Equation 1.

The simple, elegant idea represented in Equation 1 exemplifies Bayes’ theorem,

which is the updated probability distribution of prior evidence (A) with newly col-

lected evidence (B). Thus, P(AFB) is proportional to the product of the prior proba-

bility distribution, P(A), and a conditional probability distribution for new evidence

of B given the prior evidence of A or P(BFA). The equation also includes a propor-

tional constant, 1=P(B). Far from a new development, Bayes’ theoremwas developed

in the 18th century by Thomas Bayes (Bayes & Price, 1763).



From Bayes’ Theorem to Bayesian Modeling
Application of Bayes’ theorem to intervention research and evaluation studies of-

fers an intuitive framework for Bayesian modeling. To illustrate this framework,

let B represent the observed new data (D) from the summative phase; A represents

the hypothetical intervention effect parameter (h) estimated from the formative

phase. In this case, the probability P(BFA) is the data likelihood function, L(h) 5 L(DFh),

and P(A) 5 P(h) is the prior distribution of intervention effect parameter h at the for-

mative phase. In this setting, Bayes’ theorem becomes

P h j Dð Þ 5 P hð ÞP D j hð Þ=P Dð Þ, (2)

where h is the intervention effect parameter to be estimated with the current data.

P(h) is the prior probability distribution of intervention parameter h before D is ob-

served, which is the prior belief about how likely different parameters are based

on the prior evidence (e.g., in the formative phase). P(DFh) is the probability of observ-

ing D given intervention parameter h, which is also known as the data likelihood

used in classical frequentist statistical modeling. The constant, P(D), is the marginal

likelihood of the integration of P(DFh), which is the probability of new evidence.

Moreover, P(hFD) becomes the updated posterior probability distribution of interven-

tion parameter h after D is observed, which is the probability of intervention effect h

given the observed dataDwith the incorporation of prior evidence. This posterior prob-

ability function is central in Bayesian modeling and is used for estimation of the inter-

vention effect after data are collected.

Therefore, the fundamental advantage of a Bayesian paradigm is that it provides

a logically cohesive framework to update prior information with new data through

the application of Bayes’ theorem. Bayesian modeling can be applied iteratively. In

other words, after observing some data, the resulting posterior probability distribu-

tion can be treated as the next prior probability distribution, and a new posterior

probability can be derived from the next new data. This iterative process allows for

Bayesian principles to be applied to various kinds of data, whether viewed all at

once or over time. The statistical literature on Bayesian modeling is vast (e.g., see

Berger, 1985; Carlin & Louis, 2008; Chen et al., 2017; Gelman et al., 2013) and is in-

creasingly being recognized in social work research focused on health intervention

research (Chen & Ansong, 2019; Chen & Fraser, 2017a, 2017b; Chen et al., 2018;

Kaplan, 2014).

Evaluation Criteria for Assessing Intervention Effectiveness
Alpha Cutoff Criterion With a One-Tailed Test
Scholars who apply Bayesian methods in intervention research have a variety of

options for evaluating intervention effectiveness, one of which is the alpha cutoff

with an option of using a one-tailed test. Through the null hypothesis statistical

testing approach, the use of a chi-square test with a predetermined alpha cutoff



allows for a binary (yes/no) confirmation of whether the data support a hypothesis

that the intervention is superior to the control. More important, because of insights

from theory or prior studies, the ability to formulate a directional hypothesis of in-

tervention superiority allows for the use of a one-tailed statistical test, which leads to

more statistical power to detect effects. Because an intervention study is typically de-

signed to determine the effectiveness of an intervention (i.e., treatment, denoted by

T) compared with services-as-usual (i.e., control, denoted by C), a directional alterna-

tive hypothesis that the intervention (T) is better than the control (C)—Ha : T > C—and

a one-tailed test are most appropriate.

To illustrate further, the parameter to evaluate the effectiveness of the interven-

tion (h) is typically denoted by the difference in the probabilities of how partici-

pants in the intervention arm (pT) and the control arm (pC) responded after treat-

ment delivery, which can be written as h 5 pT 2 pC. These probabilities can be

estimated from the beta distributions as seen in Equations 3–5. The statistical

chi-square test and a predetermined alpha cutoff can be used to assess the signifi-

cance of intervention effectiveness (Chen et al., 2017, p. 39).
The Probability Criterion
In addition to the simple yes/no confirmation of the superiority of an intervention

based on p-values, the Bayesian approach offers a way to assess the extent to which

an intervention is superior to the control. In other words, it is possible to determine

the probability that the new intervention is better than the control to a certain de-

gree—that is, P(T > C). In this paper, we introduce two approaches to calculating

the probability of P(T > C). The first approach is to directly calculate this probability

using the theory of probability distributions for the beta distribution in Equations 3–5

(Chen et al., 2017, p. 268):

Prior at formative phase: P pð Þ 5 Beta y1 1 1, n1 2 y1 1 1ð Þ (3)

New data at summative phase: P Djpð Þ 5 Beta y2 1 1, n2 2 y2 1 1ð Þ (4)

Bayesian posterior: P p j Dð Þ 5 Beta y1 1 y2 1 2, n1 1 n2 2 y1 2 y2 1 2ð Þ (5)

In Equation 3, n1 represents participants enrolled in the study at the formative phase

who were assigned to a specific intervention arm. Among the n1 participants, y1 rep-

resents those who responded to the intervention and achieved the outcome. There-

fore, the binary outcome, y1, is binomially distributed as y1 ~ Bin(n1, p), where p is the

binomial proportion parameter representing the proportion of participants who re-

sponded to the intervention arm. This binomial distribution can be reformulated

as the beta distribution for Bayesian inference (Chen et al., 2017, p. 245), which is

the prior distribution shown in Equation 3. Similarly, in Equation 4, n2 represents



participants enrolled in the study at the summative phase who were assigned to the

same specific intervention arm, and y2 represents those who responded to the inter-

vention and achieved the outcome. Per Bayes’ theory, a posterior distribution can be

derived as in Equation 5. Therefore, to calculate the P(T > C) directly, let us denote T ∼
beta(sT, tT) and C ∼ beta (sC, tT), where sT, tT and sC, tT are the beta distribution parameters

in Equations 3–5. With some mathematical manipulations, we can show:

P T > Cð Þ 5
ð1
0

xsT21 1 2 xð ÞtT21

B sT, tTð Þ
ðx
0

ysC21 1 2 yð ÞtC21

B sC, tCð Þ dy

� �
dx

5
B sT 1 sC, tT 1 tTð Þ
B sT, tTð ÞB sC, tCð ÞsT 3F2

sT 1 sC, sT 1 tC, 1

sT 1 1, sT 1 tT 1 sC 1 tC

!
,

(6)

where B(s, t) is the usual beta function and 3F2 is the hypergeometric function with

upper parameters (sT 1 sC, sT 1 tC, 1) and lower parameters (sT 1 1, sT 1 tT 1 sC 1 tC).

This calculation can be done using the R library hypergeo (Chen et al., 2017).

The second approach uses Monte Carlo simulation-based calculations (MCSC;

Chen & Chen, 2017), which were also used by Chen and Fraser (2017b) to demon-

strate how the Bayesian approach can be used to inform decisions about the ade-

quacy of sample size and whether to continue program development in interven-

tion research. MCSCs are easy to implement with computer simulation techniques

and can be a remarkable alternative to the first approach, especially when the in-

tegration in Equation 6 does not converge numerically. The implementation of the

MCSC approach is a three-step process:

Step 1: Simulate the beta distributions in Equations 3–5 for the treatment

arm as T ∼ Beta(sT, tT) and for the control arm as C ∼ Beta(sC, tC).

Step 2: Evaluate whether T > C from Step 1. If true, then record 1, otherwise

0.

Step 3: Repeat Steps 1 and 2 many times (typically, B 5 1,000,000 times) and

count the proportion of T > C from Step 2 among these B simulations

to obtain the MCSC estimate of P(T > C).
Application to Child Welfare Data
The phase-based approach to evidence building was used in the development and

testing of the Safe Families for Children (SFFC) project, a low-cost RCT. In the SFFC

project, the phase-based approach informed the conceptualization, design, and im-

plementation of the intervention, thus producing formative and summative data,

which are best suited for Bayesian statistical modeling. In this section, we provide

an example of how Bayesian statistical modeling can be applied to real-world data

to add value to child welfare evidence building.



Description of the Safe Families for Children Intervention
SFFC is a program in Illinois developed to prevent the recurrence of child maltreat-

ment and the removal of children into state custody. Children are eligible for this

program if they have been formally investigated by child protective services (CPS)

and voluntarily placed by their parents with host families during a time of need,

such as during a CPS investigation. LYDIA Home Association, a nonprofit Christian

organization in Illinois, helps match a host family with a child while CPS com-

pletes its investigation. The arrangement that SFFC provides is temporary, typically

lasts less than 2 months, and the parents retain legal custody of their children (as

they do with voluntary kinship care). One of themany benefits of the SFFC program

is that it helps reduce the amount of government intrusion in the lives of children

while maintaining child safety.

The SFFC program was evaluated to determine whether children referred to

SFFC’s host families are less likely to enter state protective custody, more likely to

be deflected from foster care, and less likely to experience subsequentmaltreatment

within 60 days of a prior report as compared with children from similar families

who received child protective services-as-usual (SAU). The formative phase imple-

mented the early warning summative design recommended by Scriven (1991) and

included an unbiased allocation mechanism that alternately assigned families to

SFFC or services-as-usual. Families assigned to the intervention were given the op-

tion to participate in the treatment or receive services-as-usual with those assigned

to the comparison condition. This type of design is referred to as a randomized en-

couragement design, (Behaghel et al., 2013; Holland, 1988; West et al., 2008). Fam-

ilies preassigned to the intervention group were exposed to all of the usual services

plus the choice of participating in a SFFC host family arrangement if appropriate.
Bayesian Modeling of Safe Families for Children Data
The SFFC study focused on whether protective custody, deflection from foster care,

and repeat victimization occurred; each binary outcome was coded 1 (outcome oc-

curred) or 0 (outcome did not occur).The variables were defined as follows: “Chil-

dren not taken into protective custody 2 or more days after assignment” (i.e., no pro-

tective custody variable), “Deflection of children from foster care 2 or more days after

assignment” (i.e., deflection from foster care variable), and “No repeat victimization

within 2 months of report at assignment” (i.e., no repeat victimization variable).
Data Modeling Process
We used a three-step sequential Bayesian modeling process to analyze the SFFC data

for the intervention arm (T ) and the services-as-usual control arm (C ). For simplic-

ity, we describe the three-step process for the intervention arm; the same process

can be applied to the service-as-usual control arm.



Step 1. For the SFFC intervention arm (T) at the formative phase, we specified

the following prior distribution:

P pTð Þ 5 Beta y1T 1 1, n1T 2 y1T 1 1ð Þ: (7)

In Equation 7, n1T represents participants enrolled in the SFFC study who received

the intervention arm. Among the n1T participants, y1T participants achieved and re-

sponded to the intervention arm. Therefore, the binary outcome, y1T, is binomially

distributed as y1T ~ Bin(n1T, pT), where pT is the binomial proportion parameter rep-

resenting the proportion of participants who responded to the intervention arm.

Step 2. For new data at the summative phase of the SFFC study, we specified a data

likelihood function as follows:

P D j pTð Þ 5 Betaðy2T 1 1, n2T 2 y2T 1 1Þ: (8)

In Equation 8, n2T represents participants enrolled in the intervention arm—that is,

SFFC(T)—and y2T represents participants who achieved the intended intervention out-

come. Thus, y2T is binomially distributed as y2T ~ Bin(n2T, pT), which can be reformu-

lated as the beta distribution for Bayesian inference.

Step 3. The Bayesian paradigm systematically incorporates both prior data (i.e.,

at the formative phase) in Equation 3 with new data (i.e., at the summative phase)

in Equation 4. Here, the new SFFC data is used to update the prior evidence to es-

timate the intervention parameter (pT). Chen and colleagues (2017, p. 245) have

shown that the posterior distribution is still a conjugate beta distribution. This

Bayesian posterior distribution is denoted by

P pT j Dð Þ 5 Beta y1T 1 y2T 1 2, n1T 1 n2T – y1T – y2T 1 2ð Þ: (9)

Probability Analysis

We also used the probability criteria and method described in the background sec-

tion to examine the probability that the intervention was superior to the control

regarding rates of reunification, stable permanency, and stable reunification. All

calculations were implemented in R software, which can be requested from the

authors.
Monte Carlo Calculation
In addition to the v2 test with an alpha cutoff, we used the Monte Carlo simulation-

based calculation to assess the extent to which the intervention is superior to con-

trol P(T > C) on all three binary outcomes: protective custody, deflection from foster

care, and repeat victimization.



Results
Results from the SFFC data are presented in Table 1. It can be seen from Table 1 that

the observed proportions in the formative phase are 0.974, 0.819, and 1.000 for

SFFC, and 0.843, 0.622, and 0.941 for SAU. These proportions would result in the

intervention effect of 0.131 for no protective custody, 0.197 for deflection from foster care,

and 0.059 for no repeat victimization at the formative phase. Similarly, the observed

proportions in the summative phase are 0.937, 0.797, and 0.971 for SFFC, and 0.970,

0.612, and 0.966 for SAU. These would result in the summative phase intervention

effect of 20.033, 0.186, and 0.005, respectively.

As shown in the lower part of Table 1, the application of a chi-square test to as-

sess the effectiveness of the SFFC at the summative phase using the frequentist par-

adigm resulted in p-values of 0.710 for no protective custody, 0.011 for deflection from

foster care, and 0.500 for no repeat victimization. Here, the p-values for no protective cus-

tody and no repeat victimization were not statistically significant, suggesting no inter-

vention effect at the .05 significance level. However, when we applied the Bayesian

paradigm, the p-values for all three outcomes were reduced (i.e., the statistical sig-

nificance of the intervention effect improved). As shown in the lower part of Table 1,

the p-values changed fromanonsignificant value of .710 to a significant value of .006

for the no protective custody outcome. Similarly, in the deflection from foster caremodel,

the already significant p-value of .011 improved to a highly significant p-value of

< .001. Even in the no repeat victimization model where both the frequentist and

Bayesian model produced nonsignificant p-values, the Bayesian approached reduced

the p-value by 63% (i.e., from .500 to .186). Essentially, by incorporating summa-

tive data to update the formative data, the Bayesian paradigm gives smaller p-values

for all three outcomes.

Because the direct calculation using Equation 6 did not converge, we used the

MCSC to evaluate the intervention effectiveness with the criterion of P(T > C). Based

on theMCSC, the Bayesian paradigm improved the calculated probabilities for the no

protective custody outcome by 405% (i.e., from 0.197 to 0.995), by 1% for the deflection

from foster care outcome (i.e., from 0.993 to 0.999), and by 53% for the no repeat victim-

ization outcome (i.e., from 0.559 to 0.858). The improvements driven by the Bayesian

paradigm are substantial (53% to 405%), except for the deflection from foster care out-

come (1%), which already had a high probability value and, therefore, could not go

any higher than .999 (surely a favorable intervention effect).

Results from Table 1 numerically illustrate the superiority of the Bayesian para-

digm in evidence-based intervention research. The Bayesian approach can provide

statisticallymore powerful analysiswith smaller andmore reliable p-values for inter-

vention effectiveness. The Bayesian paradigm is a logical methodological approach

that allows for formative information to be updated with summative data to provide

a more comprehensive analysis, which is consistent with the scientific principle of

evidence building. Consequently, the Bayesian paradigm consistently outperformed

the frequentist paradigm.
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Discussion
In this paper, we have demonstrated the utility andmerits of the Bayesian paradigm

for decision-making and policymaking. Bayesian methods incorporate prior evi-

dence with current data for a more comprehensive analysis, which aligns with the

scientific principle of evidence building and information accumulation in interven-

tion research.We used an example from an RCT to show that when evaluating inter-

ventions, Bayesian methods can produce smaller p-values and higher probabilities

than frequentist methods to help inform decisions about the efficacy of an interven-

tion. These two advantages reduce the level of uncertainty in results.

The Bayesian methodological advancement has practical advantages that may

be useful for developing and building on child welfare interventions. Bayesian ap-

proaches could foster efficiency in child welfare research, allowing researchers to

go beyond merely citing existing data in the literature review and put prior data

to good use in statistical modeling. The emerging phase-based approach to child

welfare research is an essential step toward advancing evidence-based research in

the field. However, such efforts ought to be holistic enough to go beyond the con-

ceptualization, design, and implementation of phase-based intervention research.

Thus, it is equally essential that statistical approaches applied to data from different

phases of interventions match the sequential nature of phase-based evidence build-

ing. Researchers who collect multiple waves of data, such as formative and summa-

tive data, can readily incorporatemethodological advances such as the Bayesian sta-

tistical approaches discussed in this paper. Too often, researchers who rely on the

classical frequentist paradigm to test treatment effectiveness fail to take advantage

of multiple waves of data available from both the formative and summative phases

of their research. The downside to this conventional approach is that statistical con-

clusions about intervention effectiveness are largely generated in a vacuumbecause

the approach often ignores related information from prior studies. This conven-

tional frequentist approach is in sharp contrast to real-world decision-making

and policymaking processes in child welfare and other areas that are generally cu-

mulative and contingent on how well previous interventions, programs, and poli-

cies faired.

Considering information from pilot and prior studies offers statistical benefits,

including higher statistical power and improved efficiency. Because the Bayesian

paradigm relies on prior knowledge to evaluate intervention effectiveness, the abil-

ity to consistently use a one-tailed test is an added advantage over the frequentist par-

adigm. One-tailed tests require less statistical power to detect effects (if effects exist).

By acknowledging available information fromprior studies, researchers becomemore

certain about the direction of the intervention effect, thus warranting a directional

hypothesis and the correspondent one-tailed test. Indeed, Bayesian statistical mod-

eling uses a similar approach as intervention researchers, who often start with some

foreknowledge about the direction of intervention effects based either on published



studies or pilot and formative research. Ultimately, using one-tailed tests in phase-

based studies that use Bayesian statistical modeling would increase the statistical

power of these studies to detect an effect, if one exists. A related advantage is that

Bayesian approaches might be more efficient and cost-effective because child wel-

fare researchers do not have to render small or old data “unusable”; rather, such

data sets can be combined with either prior or future data.

The phase-based approach to evidence-based policymaking in child welfare as-

pires to the rigorous evidence standards that medical research is sometimes able

to attain. More often, practical realities in child welfare research require making

pragmatic trade-offs that can weaken the generalized validity of empirical findings

in the human services. The inability to assume uniform behavioral responses, the

impossibility of mounting double-blinded experiments in most cases, and the reac-

tivity of programeffects to specific contexts require the use of alternative approaches

to conventional designs and analytic methods in medical research. This paper pres-

ents one of these alternative analytic methods of phase-based evidence building:

Bayesian statistical modeling. The utility of the Bayesian paradigm lies in its ability

to add precision to summative findings using formative results. Long term, we ex-

pect that more child welfare intervention researchers will consider the Bayesian ap-

proach as well as other alternative methods, including preconsent, unbiased alloca-

tion designs, and outcomes tracking with administrative data. Future studies should

continue to explore and demonstrate the utility of these methods. The Bayesian ap-

proach and emergingmethodological advancements will gradually shape the future

direction of social and health intervention studies. As more researchers become fa-

miliar with Bayesian methods through methodological training and demonstration

papers such as this, we are hopeful that more child welfare programs will meet the

rigorous evidence standards required under the Family First Prevention Services Act

(Testa 2010a, 2010b; Testa & Poertner, 2010).
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