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Abstract 

Contamination occurs when members of a control condition receive or are exposed to 

the treatment under scientific investigation. The presence of contamination violates 

assumptions within counterfactual models of causal inference and results in two 

systematic and sequential problems: 1) measurement error in the form of 

misclassification of units in a control condition, and 2) bias in statistical modeling that 

affects the direction, magnitude, and significance of causal estimates. Contamination 

has the potential to underestimate the true causal effect within an individual study while 

creating variation in causal estimates across studies based on different degrees of 

contamination present. Originally examined in experimental research, this paper 

introduces the concept of contamination as applied to observational research and uses 

the substantive area of child maltreatment as an illustrative example. The paper also 

offers methodological solutions to improve the detection of contamination while 

describing statistical approaches that demonstrate the impact of contamination bias and 

estimate causal effects in observational research after it is controlled. The goal of this 

chapter is to orient child maltreatment scientists conducting observational research to 

the issue of contamination bias and current approaches for addressing it. 
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1 Background 

The counterfactual model of causal inference serves as the foundation of modern 

scientific knowledge. The empiricist philosopher David Hume is generally credited with 

being the first to establish counterfactual reasoning in the case of causal inference: “We 

may define a cause to be an object followed by another, and where all the objects, 

similar to the first, are followed by objects similar to the second. Or, in other words, 

where if the first object had not been, the second never had existed (Hume, 1748/2007, 

p.56).” This reasoning has been formally developed and refined since Hume proposed it 

(Neyman, 1923/1990; Pearl, 2000) with the counterfactual model now endemic across 

scientific disciplines examining cause and effect relations, including the psychological 

(Shadish et al., 2002), statistical (Rubin, 2005), and public health sciences (Höfler, 

2005). The counterfactual model has also produced seminal experimental and 

observational research designs for promoting causal inference, including the 

randomized experiment in agriculture and biology, the natural experiment in physics and 

economics, the prospective cohort design in epidemiology, the case-control design in 

medicine, and the single-subjects design in behavioral analysis. Indeed, much of what is 

known about the relations among natural phenomena is the direct result of the 

counterfactual model of causal inference and the methods it has engendered. 

A foundational assumption of the counterfactual model of causal inference is that 

different levels or conditions of a causal variable, such as treatment vs. control or 

exposure vs. comparison, are and remain mutually exclusive throughout data collection 

on an outcome of interest. That is, no one unit (e.g. cell, plant, person, state) assigned 

to one level of a causal variable participates in or receives another level of that same 



causal variable. While this assumption exists in multiple counterfactual frameworks 

(Cook & Campbell, 1979; Morgan et al., 2009), it is stated explicitly as part of the stable 

unit treatment value assumption (SUTVA) in the potential outcomes framework (West & 

Thoemmes, 2010). In this framework, it is assumed that each unit does not receive 

multiple levels, or different versions, of the causal variable of interest (see Imbens & 

Rubin, 2015, p.10). Adherence to the general mutual exclusivity assumption, and 

SUTVA specifically, ensures that inferences about the direction, significance, and 

magnitude of the causal effect are unbiased, promoting replication and reproducibility 

that ultimately strengthen causal inferences.  

In reality, there are many occasions when SUTVA is violated in both 

experimental and observational research. For example, wind during an evaluation of a 

new, genetically-modified strain of corn designed to improve crop-yields or resistance to 

pest infestations may introduce cross-pollination with a non-modified strain in a nearby 

field (Quist & Chapela, 2001). The effects of a de-worming treatment to improve 

attendance in select African schools can indirectly benefit attendance in nearby control 

schools through a geographic reduction in overall infection rates (Davey et al., 2015; 

Hicks et al., 2015; Miguel & Kremer, 2004). An educational intervention for improving 

self-concept for certain students within a classroom can benefit other students in the 

same classroom who did not directly receive the intervention but who interacted with 

students that did about the intervention (Craven et al., 2001). Failure to detect and 

correct these commonly occurring SUTVA violations can have serious scientific 

consequences. Specifically, SUTVA violations can introduce bias into resulting causal 

estimates, namely, where the direction, magnitude, or statistical significance of 



between-level differences is attenuated because some proportion of the units in a 

control condition have actually received the treatment under investigation (Jo, 2002; 

Marfo & Okyere, 2019). This can have wide spread implications for causal estimates 

within and across scientific disciplines regardless of the research design or cause-effect 

relation under examination. 

This chapter describes a specific and commonly occurring SUTVA violation, 

contamination, that has the potential to bias causal estimates across studies and health 

outcomes. While contamination has been examined extensively in experimental 

research, where known methodological and statistical solutions exist, it has not, to our 

knowledge, been directly applied to observational research when random assignment to 

treatment condition is impossible or unethical. This means that not only is the presence 

and impact of contamination in observational research relatively unknown but few 

options exist for controlling any resulting bias in causal estimates. As a result, this 

chapter aims to: 1) orient child maltreatment researchers to the presence and impact of 

contamination, 2) identify innovative methods for detecting and controlling 

contamination bias in observational research, and 3) describe the application of 

advanced statistical models for estimating causal effects that address other, known 

biases in observational research (e.g. covariate imbalance) after contamination is 

controlled. We define what contamination is, how it occurs in child maltreatment 

research, the overall prevalence of contamination, the bias it creates in causal 

estimates, the current approaches for controlling it, and the modeling of causal effects in 

its absence. We use the terms “treatment” and “control” throughout the chapter to refer 

to two different levels of a single causal variable of interest (e.g. child maltreatment and 



non-child maltreatment conditions) and to maintain consistency across terms used in 

experimental and observational research. We see other commonly used terms, such as 

“exposure” and “comparison” conditions, as equivalent for our purposes here. Also, we 

use the term “observational research” throughout but see other terms, such as “non-

randomized” and “quasi-experimental”, as interchangeable in the current context. Our 

hope is that a greater awareness to the issue of contamination, and the current methods 

for addressing it, will provide child maltreatment researchers with the tools they need to 

enhance the accuracy of causal estimates and restore the benefits of the counterfactual 

model of causal inference in the observational case. 

 

2 What is Contamination? 

Contamination is “the use of the treatment by individuals in a control arm” 

(Cuzick et al., 1997, p. 1017) or “when intervention-like activities find their way into the 

control group” (Delgado-Rodríguez & Llorca, 2004, p. 640). Historically, the presence 

and impact of contamination on causal estimates has been examined in randomized 

controlled trials (RCT) research. For example, an RCT examining the benefits of 

prostate-specific antigen (PSA) screening found that a certain number of individuals 

assigned to a no-screening control condition ultimately received PSA screening from an 

independent physician (Roobol et al., 2009). Such contamination is a SUTVA violation 

and has the effect of creating bias in casual estimates via misclassification, where units 

originally assigned to the control condition, but who subsequently received PSA 

screening, are now misclassified as control units when in fact they received the 

treatment. This bias minimizes the direction, significance, and magnitude of between-



group differences because the values of the outcome of interest, prostate-specific 

morbidity or mortality, for those misclassified units will be closer to the values observed 

for units in the treatment condition rather than other units of the control condition 

(Hirano et al., 2000; Jo, 2002; Kerkhof et al., 2010; Marfo & Okyere, 2019).  

Contamination, while specific to a control condition, is similar to two other 

phenomena observed in RCTs: 1) non-compliance, where units assigned to a treatment 

or control condition fail to adhere to the prescribed protocol, including members of a 

control condition receiving the treatment under investigation (Angrist et al., 1996), and 

2) spill-over, when units assigned to a treatment condition interfere with or disseminate 

information about the treatment to units in a control condition (Vanderweele et al., 

2013). Because these phenomena have been well-studied in the RCT context, there are 

now well-known solutions available to RCT researchers. For example, treatment fidelity 

and adherence monitoring (Conn & Ruppar, 2017) are prospective, methodological 

strategies for detecting instances of contamination, non-compliance, and spill-over 

when they occur in an RCT. Similarly, statistical solutions that use the randomization 

process as an instrumental variable can estimate the complier’s (Little & Rubin, 2000) or 

local average treatment effect (Angrist et al., 1996) that generates unbiased estimates 

of the causal effect.  

Contamination can also occur and ultimately affect the construction and 

maintenance of control conditions in non-randomized, observational research. To 

illustrate, say a hypothetical team of investigators conducted a 10-year prospective 

cohort study of the effects of pediatric lead exposure on the cognitive functioning of 

children immigrating to the U.S. Because random assignment to lead exposure is 



unethical, the investigators used a confirmatory venous sample blood lead level (BLL) 

test with a reference value > 3.5 µg/dL to create the treatment condition. They also 

required the BLL test show no detectable levels of lead to create the control condition, 

thereby establishing a mutually-exclusive counterfactual condition at study entry. Then 

say, a subset of the children in the control condition relocate to an area of the U.S. that 

contains lead in water used for drinking, bathing, and cooking – something that is 

unknown or undetected by the investigative team. Such an occurrence would constitute 

a SUTVA violation within the prospective cohort design, as it does in an RCT when 

members of a control condition seek out or receive the treatment under investigation. 

Children in the control condition being inadvertently exposed to lead results in a 

misclassification of those children as controls when in fact they have received the 

treatment. This has the potential to create bias in causal estimates generated in 

observational research, like with RCTs, where the direction, significance, and 

magnitude of the causal estimate for lead exposure is attenuated because observed 

values of cognitive function for certain units in the control condition more closely 

approximate observed values in the treatment condition. Thus, regardless of the aims of 

a particular study, or whether randomization is used or not, contamination can exist in 

almost any research design using counterfactual conditions and constitutes a SUTVA 

violation that warrants correction when it occurs. Unfortunately, unlike with RCT 

research, there is less awareness of this issue and fewer known solutions for detecting 

contamination or addressing resulting bias in the observational case.  

Below, we highlight how contamination occurs in observational research on child 

maltreatment, demonstrate the prevalence of contamination and the impact of resulting 



bias in causal effect estimates, and apply existing statistical methods for estimating 

causal effects in observational research after controlling contamination. This is an 

important task, as the vast majority of causal effects generated in research on child 

maltreatment likely contain some degree of bias due to contamination.  

 

3 How Does Contamination Occur? 

 There are many potential sources of contamination in child maltreatment 

research and the following list is not intended to be exhaustive. Instead, we highlight 

what we see as three sources of contamination in child maltreatment research to raise 

awareness on how it occurs in this area of research and to generate potential solutions 

for controlling its presence and impact in a given study. 

 

3.1 Planned Matching of Control Units 

 Random assignment to a treatment or control condition is, on average, an 

effective strategy for achieving balance on a large set of confounding variables that in 

turn promotes causal inferences about the effects of the treatment under investigation. 

However, different research design strategies are needed to address concerns about 

balance and confounding when random assignment is not possible or is unethical. 

Matching, where a unit is assigned to a control condition because they did not receive 

the treatment and because they represent the same background strata as one or more 

units in the treatment condition, is one research design strategy that can control 

extraneous variability due to confounding and allows for a more accurate determination 

of the treatment effect (Rubin, 1973). For example, matching a unit in the control 



condition who is 10-12 years of age, female, Hispanic, has an annual family income of 

$60,000, and lives in a dual-caregiver home to one or more units in the treatment 

condition who has this same demographic background, strengthens conclusions that 

observed between-group differences on an outcome are due to the treatment and not 

these demographic confounds. Matching on a set of identified variables is a long-

standing practice in child maltreatment research (Widom, 1988), as it is in a variety of 

cohort studies outside the substantive area of child maltreatment (Cheng et al., 2020), 

that attempts to mimic random assignment by balancing relevant confounders across 

treatment and control conditions and therefore controlling their potential impact on 

causal estimates.  

 However, the benefits of planned matching at the outset of a study should be 

considered along with some potential limitations of this approach. For example, several 

demographic variables commonly used for matching in studies of child maltreatment 

effects, such as age, race, income, and single-parent household, are also established 

risk factors for the occurrence of child maltreatment (Institute of Medicine, 2011). This 

means that by imposing a matching procedure based on these demographic variables, 

some units in a control condition may have already experienced child maltreatment or 

might experience maltreatment during longitudinal follow-up. If so, matching on these 

demographic variables has the potential to introduce contamination in a study due to the 

increased risk of child maltreatment occurring for units assigned to a control condition. 

As we illustrate below, statistically adjusting causal estimates by including matching 

variables into causal models does not mitigate bias attributable to contamination in 

these estimates (see Section 4). This requires that precise measurement of child 



maltreatment be employed early and repeatedly throughout a study to detect 

contamination when it occurs while using alternative means to control resulting bias. 

 

3.2 Imprecision in the Measurement of Child Maltreatment 

 There are two primary methods for measuring child maltreatment: 1) official case 

records, such as the report generated from a Child Protective Services (CPS) 

investigation of a formal allegation of child maltreatment, and 2) self-report, including 

questionnaires, surveys, and interviews that determine the subjective experience of 

child maltreatment. Each method has unique strengths and weaknesses for measuring 

child maltreatment in a given study. Official case records are advantageous because 

they are used by the Federal government to track the incidence of child maltreatment in 

the U.S. They are also generated by trained professionals who are independent from a 

given research project and masked with respect to the research hypotheses, minimizing 

experimenter bias. However, an allegation of child maltreatment made to CPS is 

required for a record to be generated and it is very likely that not all instances of child 

maltreatment are reported to CPS. For example, the current incidence of child 

maltreatment in the U.S. ranges from 8.4 to 42.9 per 1000 children (U.S. Department of 

Health and Human Services, 2022), an estimate considerably lower than 152 per 1000 

children estimate generated by self-report methods (Finkelhor et al., 2015). This means 

that official case records likely reflect “true” cases of child maltreatment when they are 

substantiated but miss a certain number of “true” cases of child maltreatment when they 

are not substantiated or reported to CPS. Hence, using only official case records to 

establish and maintain child maltreatment and control conditions can introduce 



contamination in that a certain number of units in the control condition, who do not have 

an official record of child maltreatment, have actually been exposed to maltreatment 

with this experience going unknown to investigators. 

Self-report methods are often selected given their widespread availability, 

efficiency in determining child maltreatment status, and potential sensitivity to detecting 

cases of child maltreatment relative to official case records. These features are 

particularly advantageous for large-scale, epidemiological studies or studies employing 

a cross-sectional or retrospective assessment of child maltreatment. However, self-

report assessments of child maltreatment rely on the content validity of the items in 

those assessments, something that is highly variable across different instruments and 

with respect to official definitions and legal standards of child maltreatment (Mathews et 

al., 2020). Self-report methods are also subject to recall and memory biases that can 

affect the reporting of child maltreatment (Baldwin et al., 2019; Hardt & Rutter, 2004), 

something that can be compounded by mono-method bias when a self-reported health 

outcome is assessed simultaneously with self-reported child maltreatment status (Green 

et al., 2010; Newbury et al., 2018). Finally, nearly 50% of people with an official record 

of child maltreatment fail to report this history during a self-report assessment (Everson 

et al., 2008; Widom & Shepard, 1996), suggesting that a substantial number of units in 

a control condition established using only a self-report assessment will actually have a 

history of child maltreatment that is unknown to investigators.  

 Unfortunately, there is no gold-standard measurement of child maltreatment and 

the most commonly used methods are each likely to miss cases when used in isolation, 

resulting in certain units within an established control condition reporting or experiencing 



child maltreatment at some point during a given study timeline (e.g. contamination). This 

problem in imprecision is made worse when one of these methods is used only once at 

study entry to classify individuals into treatment and control conditions. Even if a 

particular research project was successful in correctly classifying all cases of child 

maltreatment into treatment and control conditions at study entry, the risk for 

contamination continues should the research design be longitudinal in nature.  

  

3.3 Cross-Sectional Assessment of a Time-Varying Phenomenon 

 Child maltreatment most often occurs from pregnancy throughout childhood, 

however, children continue to experience maltreatment up to age eighteen (Sedlak et 

al., 2010; U.S. Department of Health and Human Services, 2022). This means that the 

integrity of an established control condition needs to be continually monitored for the 

presence of contamination so long as data collection continues. For example, many 

researchers are interested in studying exposure to child maltreatment in early childhood 

as a sensitive period that may have lasting effects on subsequent pediatric and 

adulthood health (Juster et al., 2011). This type of research requires continual 

monitoring of contamination, as individuals who were not exposed to maltreatment in 

early childhood may be subsequently exposed during later childhood or adolescence, 

potentially biasing resulting causal estimates.  

Repeatedly assessing exposure to child maltreatment is similar to treatment 

fidelity and adherence monitoring in RCT research, where units are continually 

assessed throughout data collection to ensure that those assigned to either treatment or 

control conditions received only the treatment to which they were assigned. In child 



maltreatment research, this means continually tracking whether units assigned to the 

control condition at study entry remain unexposed to child maltreatment for the duration 

of a study. The continuing risk for child maltreatment up to adulthood, particularly for 

those who are already at increased risk due to other demographic variables, can 

therefore introduce contamination into a study implementing a longitudinal, repeated 

measures assessment. 

 

4 Does Contamination Bias Causal Estimates in Observational Research? 

 Contamination is measurement error in the form of a misclassification of units 

assigned to a control condition. Like in RCT’s, this misclassification has the potential to 

produce bias that affects the direction, statistical significance, and magnitude of the 

treatment effect in observational research. The major concern when contamination 

occurs is that it is either unknown to or uncontrolled by investigators, ultimately leading 

to biased estimates of the causal effect of interest (see Figure 1). Below is a brief review 

of existing empirical studies that have demonstrated the impact of contamination bias 

on the significance and magnitude of causal estimates and the bias reduction that 

occurs in those same estimates when contamination is controlled.  



 

Figure 1. Traditional Modeling of Child Maltreatment Effects 

 

 Scott and colleagues (2010) examined the risk for psychiatric disorders in young 

adulthood following exposure to child maltreatment in a nationally-representative cohort 

in New Zealand (N = 2144). In this study, the investigators established child 

maltreatment and control conditions using official case records, where child 

maltreatment status was determined by an allegation of child maltreatment that was 

reported to and investigated by CPS. Interestingly, the investigators administered a self-

report assessment of child maltreatment in this study, which indicated that 15.4% of 

units in the control condition reported exposure to child maltreatment. Using traditional 

estimation procedures that retained contamination in the statistical model, results 
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indicated that child maltreatment significantly increased the risk for past year (OR = 

2.32) and lifetime (OR = 2.12) occurrence of a psychiatric disorder. However, when 

contamination was controlled by removing the 15.4% of control units who self-reported 

child maltreatment from the model and re-estimating risks for these same outcomes, the 

effect size magnitudes for both past-year (OR = 2.83) and lifetime (OR = 2.80) risk of a 

psychiatric disorder increased by 22%-32%, respectively. Similar trends in effect size 

magnitude were observed for individual psychiatric disorders, including several that 

achieved statistical significance only after contamination was controlled. 

 In a multi-wave, prospective cohort study in the U.S. (N = 514), Shenk and 

colleagues (2016) attempted to replicate prior research establishing child maltreatment 

effects on several indicators of female health at the transition to adulthood: teenage 

births, past-month cigarette use, obesity status, and clinical levels of major depressive 

disorder symptoms. Child maltreatment status was determined using official case 

records, where an allegation of child maltreatment was made, investigated, and 

substantiated by CPS. Control units were demographically-matched to units in the 

maltreatment condition on age, race, family income, and single-parent household. Using 

traditional estimation procedures that adjusted estimates based on the inclusion of 

matched demographic variables, this study failed to replicate statistically significant child 

maltreatment effects for obesity and major depressive disorder symptoms. However, 

Shenk and colleagues then screened for contamination at each wave of data collection 

using both official case records and self-reports of child maltreatment. This multi-

method screen identified 44.8% of control units who experienced child maltreatment. 

When this contamination was controlled by removing these units from the statistical 



model, child maltreatment significantly predicted all four female adolescent health 

outcomes (RR = 1.47-2.95), replicating prior research (e.g. Danese & Tan, 2014; 

Widom et al., 2007). Moreover, effect size magnitudes for these four outcomes 

increased by 24%-130% once contamination was controlled, again providing an 

indication of the degree of contamination bias in the causal estimate.  

 Shenk and colleagues (2021) investigated the impact of contamination on causal 

estimates when examining the effect of child maltreatment on age-heterogeneous 

trajectories of internalizing and externalizing behaviors across childhood and 

adolescence. Using existing data from a national, multi-site, and multi-wave prospective 

cohort in the U.S. (N = 1354), this study established child maltreatment and control 

conditions using official case records where independent raters confirmed exposure to 

child maltreatment based on details obtained in the official records. Shenk and 

colleagues then screened the no confirmed child maltreatment control condition for 

contamination using a repeatedly administered self-report assessment of child 

maltreatment. The authors identified a contamination prevalence estimate of 65.1% in 

this sample, meaning nearly two-thirds of units assigned to a no confirmed child 

maltreatment control condition reported maltreatment and were ultimately misclassified. 

Traditional estimation of confirmed child maltreatment effects revealed statistically 

significant risks for both internalizing and externalizing behavior trajectories with effect 

size magnitudes ranging from d’s = .19-.40. Contamination was then controlled by 

modeling the 65.1% of individuals who were misclassified as control units as a third 

condition (self-reported maltreatment without a confirmed case record) and deriving 

contrasts between the confirmed child maltreatment condition and the resulting no 



confirmed, no self-reported child maltreatment control condition. When models were re-

estimated, statistically significant risks for internalizing and externalizing behavior 

trajectories were again observed for confirmed child maltreatment but with effect size 

magnitude increases of 27.5%-52.6% (d’s = .29-.51). 

 These three studies illustrate several important aspects pertaining to 

misclassification of control units in the form of contamination in child maltreatment 

research. One, contamination exists in child maltreatment research with current 

prevalence estimates ranging from 15.4% to 65.1%. The existence of contamination 

constitutes a SUTVA violation and requires detection and control to generate accurate 

estimates of child maltreatment effects. Two, failing to control contamination can bias 

the significance and magnitude of causal estimates toward the null, making it harder to 

detect an effect, as well as the precise degree of that effect, for child maltreatment when 

it exists. This has obvious implications for the replication and reproducibility of effects 

observed in child maltreatment research, particularly when contamination is more or 

less prevalent across independent studies. Finally, traditional modeling of child 

maltreatment effects likely contains some degree of contamination bias, an approach 

that can underestimate the true causal effect of child maltreatment. Identifying ways to 

detect and control contamination prior to modeling child maltreatment effects holds 

considerable promise for improving the accuracy of causal estimates in this area of 

research.  

 

5 How to Detect and Control Contamination Bias? 



 Ways for detecting and controlling contamination bias is an ongoing area of 

research. So far, a dual measurement strategy (Brenner & Blettner, 1993; Marshall & 

Graham, 1984), one that capitalizes on the different strengths of existing methods for 

determining exposure to child maltreatment, offers some degree of control of 

contamination while also demonstrating the bias in causal effects that contamination 

creates. For example, each of the three studies reviewed in Section 4 applied a dual 

measurement strategy that used official case records to establish treatment and control 

conditions and self-report methods to detect and control contamination. This approach 

appears advantageous for two reasons. One, an indication of child maltreatment using 

official case records is most likely to result in lower false positive rates, where if 

maltreatment is determined to have occurred it is most likely to be a true instance of 

child maltreatment. Two, it is not appropriate to conclude that a negative indication of 

child maltreatment based on official case records means that maltreatment did not 

occur, only that the investigation did not produce enough evidence to confirm, indicate, 

or substantiate the allegation. As a result, using a second measure that is likely more 

sensitive to detecting child maltreatment, such as self-reports of child maltreatment, can 

detect cases of child maltreatment in the control condition and offer one way to identify 

and control contamination.  

This dual measurement strategy has proved effective in prior child maltreatment 

research that demonstrated enhanced sensitivity for detecting cases of child 

maltreatment (Swahn et al., 2006) as well as stronger effects for child maltreatment on 

subsequent psychiatric disorders (Shaffer et al., 2008). Furthermore, unpublished 

results from a prior examination of contamination bias (Shenk et al., 2016) highlight the 



impact of using a dual measurement strategy to detect contamination on the 

significance and magnitude of resulting effect size estimates relative to any single 

measure making up that dual strategy (see Table 1). Thus, for now, a dual 

measurement strategy to detect and control contamination in observational child 

maltreatment research appears to be the best method for approximating the benefits of 

treatment fidelity and adherence monitoring used to detect contamination in RCT 

research. 

 

 

Table 1. Dual Measurement Strategy for Detecting Contamination. Effect size estimates 

are relative risks and corresponding 95% confidence intervals after accounting for 

demographic covariates. Bolded numbers are statistically significant estimates (p < .05). 

 

However, once contamination is detected using this dual measurement strategy, 

it remains unclear whether completely removing identified control units from a statistical 

model (i.e. reduced overall sample size), examining a “contamination” condition as its 

own condition in a statistical model (i.e. retains overall sample size), or some other 

No
Screening

Major 
Depression 1.28 (0.79-2.08)

Teen Births 1.66 (1.06-2.61)

Obesity 1.16 (0.90-1.50)

Cigarette Use 1.36 (1.06-1.74)

Self-report
Only

1.70 (0.94-3.08)

1.27 (0.93-1.74)

2.84 (1.24-6.51)

1.56 (1.14-2.14)

Case Records
Only

1.79 (1.05-3.02)

1.29 (0.96-1.72)

1.22 (0.72-2.05)

1.46 (1.13-1.87)

Dual
Measurement

2.95 (1.22-7.16)

2.21 (1.06-4.63)

1.47 (1.03-2.08)

1.68 (1.21-2.35)



approach provides the most accurate estimator of child maltreatment effects. Two 

obvious implications for controlling contamination based on the existing research are 

the potential impact on: 1) statistical power via reductions in sample size combined with 

expected increases in effect magnitude, features that are likely to vary based on 

different degrees of contamination present across studies, and 2) the external validity of 

results based on how similar the analytic sample matches the overall sample and 

overall population (Degtiar & Rose, 2021). One study did demonstrate that a dual 

measurement strategy to control contamination by removing units from the statistical 

model did result in a revised control condition that had prevalence estimates for all 

outcomes that more closely approximated U.S. population prevalence estimates, aiding 

generalizability (see Shenk et al., 2016; Figure 1). Future research evaluating these 

approaches to controlling contamination should also evaluate resulting implications on 

statistical power and generalizability, implications that are likely to offer child 

maltreatment researchers several empirically-driven strategies in which to approach the 

issue of detecting and controlling contamination bias.  

Two other potential ways for addressing contamination in child maltreatment 

research have been suggested during peer review of our prior research, which we do 

not recommend at this point. The first is to move misclassified control units who were 

identified as experiencing maltreatment using one method (e.g. self-report) into a child 

maltreatment condition established using a second method (e.g. official case records). 

There are several reasons for not following this approach. One, there is low agreement 

between self-report and official case records as indicators of child maltreatment status 

(Baldwin et al., 2019; Everson et al., 2008), demonstrating that these two methods are 



not interchangeable. Two, prospective methods of assessing child maltreatment, 

typically represented by official case records, and retrospective methods of assessing 

child maltreatment, typically represented by self-report methods, are associated with 

differential risks for physical and behavioral health outcomes (Newbury et al., 2018) - 

particularly when those outcomes are also assessed using self-report methods (mono-

method bias; see review by Coleman & Baldwin in this book). Identifying child 

maltreatment in a control condition using one method and then adding those units to a 

child maltreatment condition established using another method adds unnecessary 

heterogeneity into the treatment condition and the evaluation of treatment effects that is 

attributable to the measurement of child maltreatment (see Figures 1 and 2 in Shenk et 

al., 2021). Three, detecting and controlling contamination using a dual measurement 

strategy means this – that identified control units are misclassified and should no longer 

be regarded as control units. It does not mean, at least given the differences in self-

report and official case records for determining child maltreatment, that those 

misclassified units are now equivalent to those units in the treatment condition.  

The second way is to capitalize on existing approaches for addressing 

misclassification bias that have been developed and examined in the epidemiological 

and econometric literatures (Keogh et al., 2020). In these approaches, the potential 

misclassification of units is examined not just in a control condition but also in the 

treatment condition. This examination then determines whether the misclassification is 

differential or non-differential across the treatment and control conditions, which 

ultimately determines how treatment effects will be estimated. We view contamination in 

child maltreatment research to be distinct from the application of the existing 



approaches to addressing misclassification bias for several reasons. One, as described 

above, there is no gold-standard measure of child maltreatment nor are the existing 

methods non-differential in their sensitivity and specificity for detecting maltreatment, 

assumptions that are often required when addressing misclassification bias in this 

framework (Flanders et al., 1995; Johnson et al., 2014). Two, contamination refers to a 

phenomenon that only affects a control condition, not a treatment condition, and 

examining differential or non-differential misclassification across both of these 

conditions does not fully address the issue of contamination in promoting the accuracy 

of causal estimates. Instead, a dual measurement strategy specific for a control 

condition capitalizes on the differential psychometric strengths of both measures to add 

precision to the measurement of child maltreatment. Three, official case records yield 

low false positive rates, meaning that when an allegation of child maltreatment is made, 

investigated, and determined to have occurred, it is likely true. In other words, there is 

little chance that a unit in a treatment condition created using official case records can 

“not-comply” or “non-adhere” to this treatment condition or be misclassified. A positive 

indication of exposure to child maltreatment using official case records will also always 

be true regardless of whether or not an individual recalls it on a self-report instrument at 

a later date, something that could be affected by an individual simply not having a 

memory of the maltreatment event because it happened early in infancy or childhood. 

As noted earlier, child maltreatment most often occurs early in the life course and many 

child maltreatment researchers are interested in how this event early in life creates 

lasting neurobiological change that results in later health risks (Juster et al., 2011). This 



can be measured using official case records regardless of whether a person can or 

does recall this event on a self-report instrument or not.  

Below are active projects in which we are evaluating different research design, 

measurement strategies, and statistical approaches that not only attempt to detect and 

control contamination but also generate causal estimates of the effect of child 

maltreatment on subsequent health. Each uses a unique dual measurement strategy for 

detecting and controlling contamination. The latter two, given data are already collected, 

are also applying advanced statistical methods for estimating causal effects in 

observational research and demonstrating the degree of bias in causal effect estimates 

due to contamination. We have been fortunate to receive two federally-funded grants, 

one from the National Institutes of Health (NIH; R03HD104739) and the other from the 

National Science Foundation (BCS-2041333), allowing us to formally examine ways for 

evaluating the impact of contamination bias and generating causal estimates of the 

effects of child maltreatment on subsequent behavior problems once it is controlled. 

 

5.1 The Translational Center for Child Maltreatment Studies (TCCMS) 

A dual measurement strategy to detect and control contamination is designed to 

capitalize on the individual strengths of each method and is enhanced by an early, 

repeated, and prospective administration for determining exposure to child 

maltreatment. The TCCMS at Penn State, the first NIH Capstone Center for research on 

child maltreatment, has implemented a dual measurement strategy for detecting 

contamination within a prospective cohort study of the long-term effects of child 

maltreatment on pediatric health. The two methods constituting the dual measurement 

https://www.solutionsnetwork.psu.edu/p50-center-for-healthy-children/p50-center-for-healthy-children


strategy in this study are: 1) official case records, and 2) self-reported instances of child 

maltreated obtained from research interview. The TCCMS is applying several innovative 

methods for establishing exposure to child maltreatment from official case records. For 

example, eligibility for inclusion in the study requires that units in the child maltreatment 

condition were the subject of a child maltreatment report, that is, an allegation of child 

maltreatment that was investigated by CPS, within the year prior to study entry. This 

report could have been substantiated or not, providing the opportunity to examine three 

different child maltreatment conditions:  investigated but not substantiated, investigated 

and substantiated, and neither investigated nor substantiated (e.g. control condition). 

This approach to characterizing child maltreatment status has shown to enhance the 

sensitivity of official case reports by increasing overall prevalence with few differences 

in health outcomes observed between investigated but not substantiated vs. 

investigated and substantiated conditions (Kugler et al., 2019). The TCCMS is also 

employing the Maltreatment Classification System (MCS; Barnett et al., 1993) to review 

and code official case records for varying child maltreatment dimensions, including type, 

duration, age at onset, and severity, spanning the entire lifetime of units. MCS codes 

are determined by independent raters unaware of the research hypotheses who review 

the official case records generated by CPS to make their codes regarding various child 

maltreatment dimensions. The MCS has enhanced sensitivity to detecting child 

maltreatment (Runyan et al., 2005), a feature that can strengthen the assessment of 

maltreatment using information from official case records. 

The second method used in the dual measurement strategy for the TCCMS is 

the Trauma History Profile (THP) of the UCLA PTSD Reaction Index for DSM-5 (RI-5; 



Pynoos & Steinberg, 2015), which is administered prospectively at each wave of data 

collection via a semi-structured interview with trained and reliable interviewers. The RI-5 

is a psychometrically-sound instrument (Kaplow et al., 2020; Steinberg et al., 2013) that 

determines self-reported exposure to the most common types of child maltreatment, 

including physical abuse, sexual abuse, psychological abuse, and neglect. Once a 

control condition is established using official case records, information from the THP will 

be used to detect instances of self-reported child maltreatment in that control condition, 

that is, contamination. This allows for an estimation of the prevalence of contamination 

in the TCCMS study, identifying a subgroup of units that report experiencing child 

maltreatment but who have no official case record. It can also inform ways in which to 

control contamination based on the potential impact on statistical power and external 

validity as well as various statistical modeling strategies (see below). This innovation in 

research design via a dual measurement strategy for determining child maltreatment at 

study entry and at each subsequent wave of data collection is important because data 

generated from the TCCMS study will be made available to scientists across the nation 

and world to study the public health impact of child maltreatment. Thus, a more 

accurate understanding of the effects of child maltreatment is likely to be gained from 

this study when contamination is detected and controlled in subsequent modeling. 

 

5.2 The Longitudinal Studies of Child Abuse and Neglect (LONGSCAN) 

   LONGSCAN (Runyan et al., 1998) is a multi-wave, multi-site, prospective cohort 

study of child maltreatment in the U.S. occurring from birth through age eighteen. The 

LONGSCAN database provides a unique opportunity to examine the issue of 

http://longscan.research.unc.edu/


contamination given the repeated measurement of child maltreatment and behavioral 

health outcomes throughout the entire pediatric period. The dual measurement strategy 

we are evaluating with the LONGSCAN cohort is: 1) official case records where a 

modified version of the MCS was developed, applied, and evaluated, and 2) self-report 

methods, where one set of measures was administered prospectively from 12-16 years 

of age and another set was administered retrospectively at age 18. This dual 

measurement strategy affords several opportunities to examine contamination. One, it 

capitalizes on the strengths of official case records and enhanced sensitivity of the MCS 

to flexibly characterize different child maltreatment and control conditions. Two, once a 

control condition is established using official case records, the dual measurement 

strategy then allows for an estimation of contamination prevalence and bias using both 

prospective and retrospective self-report methods – the most commonly used 

approaches for estimating the effects of child maltreatment. Examining contamination 

prevalence and bias in LONGSCAN across prospective and retrospective self-report 

measures can inform researchers on whether the bias stemming from contamination 

varies depending on which of these assessment methods are used. These efforts will 

provide further insights into the prevalence and impact of contamination in the 

LONGSCAN cohort and the effectiveness of the proposed dual measurement strategy. 

 The nature of the LONGSCAN data also provides opportunities for innovative 

econometric modeling. For example, synthetic and augmented synthetic control 

modeling (SCM) approaches for estimating causal effects in observational research can 

be leveraged using the LONGSCAN cohort design. Briefly, SCMs estimate causal 

effects by matching a unit in the treatment condition to one or more units in the control 



condition who are similar in their weighted levels of an outcome measured prior to the 

treatment of interest occurring. For example, we are using repeated measurements of 

child behavior problems in LONGSCAN to find a matched control condition similar to the 

maltreatment condition in their pre-maltreatment observations of these behavior 

problems. Because LONGSCAN repeatedly measured child behavior problems at each 

wave of data collection from ages 4 to 16, we are able to use the observations on this 

outcome across ages 4 to 8 to identify control units who were never maltreated 

throughout LONGSCAN and match them to units who were not maltreated from 4 to 8 

years of age but who were maltreated at age 10 or later. The research design and 

measurement strategy of LONGSCAN, coupled with the innovative application of SCMs 

to these data, will allow for the first ever causal estimation of child maltreatment effects 

on child behavior problems throughout adolescence once contamination bias is 

controlled.  

 

5.3 The National Survey of Child and Adolescent Well-being - II (NSCAW-II) 

 NSCAW-II is a multi-wave, prospective cohort study of child maltreatment (N = 

5872; Dolan et al., 2011) comprised of children between birth and 17.5 years of age at 

study enrollment who were recruited from 83 counties across 30 states in the U.S. All 

participants were recruited from child welfare investigations closed between February 

2008 and April 2009. The first wave of NSCAW-II data collection occurred between 

March 2008 and September 2009, following the closure of the NSCAW-II index case 

investigation. The second wave of data collection occurred approximately 18 months 

thereafter and the final or third wave occurred 18 months following the second wave or 

https://www.acf.hhs.gov/opre/project/national-survey-child-and-adolescent-well-being-nscaw-1997-2014-and-2015-2024


approximately 36 months from baseline data collection. Importantly, the NSCAW-II 

index case, that is the child welfare investigation closed just prior to baseline data 

collection, includes both substantiated and unsubstantiated cases. NSCAW-II also 

oversampled for infants, families receiving services, and children in out-of-home 

placements.  

Similar to LONGSCAN, NSCAW-II utilized a multi-informant, dual measurement 

strategy that affords the opportunity to examine the impact of contamination on child 

maltreatment effect estimates. To assess contamination in NSCAW-II, we are utilizing: 

1) an official substantiation indicator, provided by the NSCAW-II team, that designates 

whether the index child maltreatment investigation that brought participants into the 

NSCAW-II cohort was or was not substantiated, and 2) caregiver reports, administered 

at each of the three waves of NSCAW-II data collection via the Parent-Child Conflict 

Tactics Scale (Straus et al., 1998), which provides data on caregiver-reported 

psychological aggression, physical assault, child neglect, and sexual maltreatment. 

Thus, as described above with LONGSCAN, using a substantiation indicator based on 

official case records, we are able to establish initial treatment and control conditions. In 

turn, the prevalence of contamination and resulting bias can be estimated using the 

seemingly more sensitive caregiver-reports of child maltreatment. 

Using NSCAW-II, we are applying propensity score methods as a means to 

examine the impact of contamination on causal estimates of child maltreatment effects. 

Propensity score methods are a well-established approach to achieving covariate 

balance in observational research when randomization to treatment condition is not 

feasible or is unethical, such as in the case of child maltreatment. Specifically, 



propensity score methods aim to reduce bias in the estimation of a treatment effect in 

observational research, that is, the difference between the treatment and control 

conditions, when it is possible that there are systematic differences between these 

conditions on confounding variables. A propensity score refers to “the conditional 

probability of assignment to a particular treatment given a vector of observed 

covariates” (Rosenbaum & Rubin, 1983, p. 41). In the case of child maltreatment, 

therefore, a propensity score refers to the conditional probability of experiencing child 

maltreatment given particular covariates (e.g., income, child gender, caregiver 

education, race, and ethnicity) and is typically calculated using logistic regression, 

wherein the treatment is the dependent variable and covariates are predictors. In turn, 

using this propensity score, different methods can be applied such as propensity score 

matching or inverse probability of treatment weighting (IPTW) to create covariate 

balance across treatment and control groups and ultimately more accurately estimate 

the effect of a given treatment (Austin, 2011). Furthermore, NSCAW-II not only provides 

dual-measurement of child maltreatment but also longitudinal assessments of child 

behavior problems and ample covariates related to child maltreatment status, lending 

itself to propensity score estimation. In sum, using NSCAW-II, we will apply propensity 

score methods to estimate the casual impact of child maltreatment on child behavior 

problems both when contamination is and is not controlled.  

 

6 Conclusion 

 It is very likely the case that contamination is a feature, not a bug, of conducting 

child maltreatment research. Attention to this issue is important, as contamination 



results in a bias that minimizes the significance and magnitude of causal effects 

regardless of the outcome examined. One possible implication of this phenomenon is 

that existing causal estimates are likely underestimating the true public health impact of 

child maltreatment. This has the potential to affect scientific, policy, and provider 

decisions about how to inform a statistical power analysis for future research, whether 

to devote intervention resources to child welfare or another family serving agency, or 

whether to consider the potential etiological role of child maltreatment for a presenting 

complaint in a pediatrician’s office. Furthermore, the prevalence of contamination is 

likely to vary across sampling strategies used in different observational designs within 

child maltreatment research (e.g. prospective vs. retrospective). This means that the 

degree of bias in causal estimates, and therefore their impact on the direction, 

significance, and magnitude of causal effects, is likely to vary across studies 

proportional to the degree of contamination present. Variation in contamination bias 

across studies, combined with a lack of control for this bias, could be one explanation 

for prior failures in replication and reproducibility within child maltreatment research. 

This is likely one contributor to the overall replication crisis in the behavioral sciences at 

large. The implications of addressing contamination bias in child maltreatment research, 

or failing to, are indeed considerable. 

 This chapter highlights a program of research that is applying innovative methods 

for addressing the presence of contamination and controlling resulting bias in casual 

estimates within the substantive area of child maltreatment. While the implications for 

child maltreatment researchers are clear, we expect that contamination is a general 

methodological phenomenon in observational research even outside this substantive 



area. The methods and procedures identified here are likely highly relevant across 

scientific disciplines employing observational research to examine cause and effect 

relations between phenomena of interest. Our hope is that greater attention to 

addressing contamination will restore the benefits of the counterfactual model of causal 

inference for child maltreatment and other scientists so that statistical models can more 

readily produce accurate casual estimates.  
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