
Using Twins to Assess What Might Have
Been: The Co-twin Control Design

Wilhelmina van Dijk1 , Cynthia U. Norris2,3, and Sara A. Hart2,3

Abstract

Randomized control trials are considered the pinnacle for causal inference. In many cases, however, randomization of par-

ticipants in social work research studies is not feasible or ethical. This paper introduces the co-twin control design study as an

alternative quasi-experimental design to provide evidence of causal mechanisms when randomization is not possible. This

method maximizes the genetic and environmental sameness between twins who are discordant on an “exposure” to provide

strong counterfactuals as approximations of causal effects. We describe how the co-twin control design can be used to infer

causality and in what type of situations the design might be useful for social work researchers. Finally, we give advantages and

limitations to the design, list a set of Twin Registries with data available after application, and provide an example code for

data analysis.
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Many social work researchers evaluate and develop interven-

tions, guidance, and public policies to improve the lives of

children, adults, and families dealing with difficulties (e.g.,

Drisko et al., 2020; Greeson et al., 2015; Wilson et al.,

2020; Zlotnik & Solt, 2006). It is important that these inter-

ventions, guidance, and policies are grounded in research

that has determined the causal mechanisms behind these dif-

ficulties and assessed the potential of interventions and poli-

cies to decrease these difficulties. Randomized control trials

(RCTs) are regarded as “the gold standard” for intervention

research (Mosteller & Boruch, 2002) and the most robust

research design to determine causal effects (Shadish et al.,

2002). Before spending substantial resources (i.e., time and

money) on designing and implementing a rigorous RCT,

however, researchers should determine if an RCT is the

correct design for their situation and consider alternative

ways to assess the hypothesized causal mechanisms.

RCTs are regularly used in social work research (Thyer,

2015). For example, an RCT was done to examine the

effects of an outreach program as compared to traditional

intensive foster care services on independent living outcomes

of young adults in the foster care system (see Greeson et al.,

2015). However, in many instances in social work research,

the use of an RCT may not be feasible, or even desirable.

Take a researcher interested in exploring if there is a causal

relation between chronic child malnutrition and later mathe-

matics achievement. It would be unethical to sample a

group of infants and randomly assign them to either a

condition where they are malnourished or a condition where

they are receiving a balanced diet for a number of years,

and then assess differences in math achievement years later.

Comparing groups without randomizing participants,

however, limits the inferences researchers can make about

causality because of potential confounding variables

(Shadish et al., 2002). Groups may be different in many

other ways besides their status on the hypothesized cause.

For example, children who have been chronically malnour-

ished may have grown up in poverty with less developed

home mathematics environments, while children provided

with a well-balanced diet grew up in a mathematics-rich envi-

ronment. When comparing these two groups, it would be

impossible to say if lower mathematics achievement was

due to malnutrition or the home mathematics environment.

By randomizing participants, the use of RCTs ensures that

these possible confounding factors are randomly distributed
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across the groups, making the groups, on average, similar to

each other (Shadish et al., 2002).

This puts the social work researcher in a predicament. If

randomization is unethical and not randomizing may lead to

invalid inferences, how can we still make valid and strong

causal inferences? Instead of RCTs, social work researchers

can use quasi-experimental designs to approximate the

causal mechanism when either random assignment or true

manipulation of the situation is not possible (Thyer, 2012).

Several quasi-experimental designs exist, such as propensity

score models and regression discontinuity designs. Here, we

will expand on the logic behind a different, less widely

known, quasi-experimental design: the co-twin control

design (CTCD), or discordant twin pair design (McGue

et al., 2010). The CTCD includes twin pairs who are discord-

ant on an independent variable hypothesized to have a causal

effect and uses this discrepancy as a natural experiment to

examine its influence on an outcome of interest. In a discord-

ant twin pair, the unexposed twin serves as his or her exposed

twin’s “counterfactual” or control comparison, similar to

matching pairs of control and treatment participants. The

CTCD is especially strong in its ability to control for possible

confounding factors because the twins are matched on both

genetic and environmental backgrounds and thus can

provide compelling inferences on possible causation. For

this reason, CTCD designs are widely used in other fields,

such as epigenetics and public health (Baird & Hysi, 2019),

and we think they can be of similar value as an alternative

to RCTs in social work research.

In this paper, we will introduce the CTCD as a potential

methodology to use in social work research. We will first cat-

egorize the CTCD among other experimental and

quasi-experimental designs by situating them within the

counterfactual model. Then, we will explain the logic

behind the CTCD and how it can be used to infer causality.

We will provide examples of different ways twins can be dis-

cordant on an exposure. Finally, we will provide the advan-

tages and limitations of CTCD in social work research.

Counterfactuals

As stated above, researchers can make strong claims about

causality in RCTs because the treatment and control groups

are considered probabilistically similar to each other. Stated

differently, the control group acts as a counterfactual for

the treatment group. The counterfactual is a proxy for what

would have happened to the treatment group if they had not

received the treatment. Estimating the counterfactual from a

proxy is necessary because we cannot observe the actual

counterfactual of the treatment group. This idea is explained

through the counterfactual model of causation (see, e.g.,

Rubin, 2004). At the basis of establishing causation is the

goal to understand if an individual will be better or worse

on a specific outcome, given a cause. For example, we

might be interested in establishing the effect of an

intervention aimed to reduce anxiety in children who have

experienced a traumatic event. To estimate the effect of the

intervention on anxiety levels for an individual, researchers

would need two simultaneous pieces of information: (a) an

individual’s anxiety level in presence of the intervention

and (b) the individual’s anxiety level in absence of the inter-

vention. By comparing the difference between the anxiety

levels of each individual, the researcher would know the

exact effect of the intervention on children’s anxiety levels.

In real life, however, we can only observe one of the two sit-

uations for each individual, not both simultaneously, and we

need to use a proxy for the unobserved situation.

Stated more technically, an individual has two potential

outcomes resulting from a cause: the fact (or that what was

observed) and the counterfactual (that what would have

been) (see Table 1) (Rubin, 2004). In the case of the

anxiety-reducing intervention, a child has the following two

potential outcomes: the anxiety level that was observed

when they received the intervention (i.e., the fact) and the

anxiety level that would have been observed if they did not

receive the intervention (i.e., the counterfactual). The effect

of a cause can be estimated by taking the difference

between the fact and the counterfactual. Because the counter-

factual outcome is missing when looking at causality of a

treatment for an individual effect, causal inference designs

often utilize group designs with a treatment group and a

control group as a counterfactual to estimate causality for

an average treatment effect. Participants in the control

group provide observed information on the counterfactual

condition but have missing information on the fact. In the

case of our example, the control group has observed anxiety

levels in absence of the anxiety reducing intervention, and

Table 1. Example of Potential Outcomes in the Counterfactual
Model for One Participant.

Anxiety Level After
Receiving Anxiety
Reducing Intervention

Anxiety Level Not
Receiving Anxiety
Reducing Intervention

Receiving anxiety
reducing
intervention

Observed Missing

Table 2. Example of Potential Outcomes in the Counterfactual
Model for More Than One Participant.

Anxiety Level After
Receiving Anxiety
Reducing Intervention

Anxiety Level Not
Receiving Anxiety
Reducing Intervention

Receiving anxiety
reducing
intervention

Observed Missing

Not receiving
anxiety reducing
intervention

Missing Observed

2 Research on Social Work Practice 0(0)



unobserved levels of anxiety in the presence of the anxiety

reducing intervention (see Table 2). If participants in the treat-

ment and control group are the same in every respect except

the cause, in this case receiving the anxiety reducing interven-

tion, the average difference between the anxiety level of treat-

ment participants and of control participants is a strong

approximation of the true effect of the anxiety reducing inter-

vention on anxiety levels of children who have experienced a

traumatic life event.

In RCTs, the control group counts as a strong counterfac-

tual because, as mentioned before, randomly assigning partic-

ipants to treatment and control groups assures the participants

in both groups are equal on expectation since all potential

confounding variables are randomly distributed across the

two groups (Shadish et al., 2002). Often, however, randomi-

zation is not desirable or feasible. In this case, researchers can

employ quasi-experimental designs in which the cause is still

manipulated, but no random assignment occurs. A conse-

quence of this lack of randomization is that participants

in treatment and control groups cannot be considered equal

on expectation (Shadish et al., 2002). Different quasi-

experimental designs approach ensuring appropriate counter-

factuals in distinct ways. Propensity score models, for

instance, estimate how prone each individual is to experience

the treatment based on their value on a set of covariates

selected by the researcher and then match cases with similar

propensities (Leite, 2016). The regression discontinuity

design takes a completely different approach by considering

the regression line as a counterfactual, instead of the partici-

pants in the control group. Participants are assigned to treat-

ment based on a cut-off score on an assignment variable,

such as a pretest. The difference in regression lines or relation

between the assignment variable and the outcome variable,

for the treatment group and control group shows the effect

of the treatment. If there is no effect, then there should be

no difference in the intercept or slope of the line (Shadish

et al., 2002). Both these quasi-experimental methods are valu-

able options in a methodological toolkit, but still, have limi-

tations when it comes to providing counterfactuals. The

CTCD design is an interesting alternative approach to

provide a counterfactual by employing the natural design

inherent to twins.

The CTCD

Before getting into the details of the CTCD, it will be worth-

while to explain the basics behind the classical twin design.

Researchers use twin samples to partition the variance in a

trait into genetic and environmental sources of variance by

comparing the similarity between monozygotic (MZ or iden-

tical twins) and dizygotic (DZ or nonidentical) twins.

Identical twins share all their genes and nonidentical twins

share, on average, half of their genes. Both types of twins

share aspects of their environment such as home and school

(i.e., the “shared environment”), and also both types of

twins experience some aspects of the environment indepen-

dently, such as illness or separate sets of friends (i.e., the

“non-shared environment”). Variance attributable to additive

genetic influences (or heritability) is assumed when MZ twins

are more similar in their reading scores than DZ twins, and

shared environmental influences (nongenetic influences that

make siblings more alike), are assumed when MZ twins are

less than two times as similar as DZ twins, and non-shared

environmental influences (those that decrease similarities

between twins; plus error) are assumed when the correlation

between MZ twins is less than one (see Hart et al., 2020 for

a visual representation; also see Knopik et al., 2017 for

more details on the classical twin design methodology).

Classical twin designs partition genetic and environmental

influences to estimate which of those is mainly responsible for

differences in outcomes. For example, Scaini et al. (2021)

estimated that 40% of the variability in childhood anger in

a sample of Italian twins was due to their genes, 25% to

their shared environment, and 35% to their non-shared envi-

ronment. These results suggest that differences in twins’ envi-

ronment are a substantial driver of their anger. The CTCD

takes a different approach, instead using a counterfactual

model to infer causality by comparing one member of a

twin pair that has an environmental exposure to the other

twin who does not have this exposure to an outcome. This

approach sets up discordant twin pairs, and the nonexposed

twin serves as the counterfactual to the exposed twin,

serving what the exposure twin would have looked like had

they not been exposed. Coming back to our earlier example

of anxiety reducing intervention for children who have expe-

rienced a traumatic event, one of the twins would receive the

intervention and serve as the fact, while the second twin

would not receive the intervention and serve as the counter-

factual. As twins share all, or at least some, of their additive

genetic influences and all of their shared environmental influ-

ences, the nonexposed twin member serves a genetic and

shared environmental control.

In conventional causal modeling research, individuals’

exposure to the intervention and the subsequent outcome

measurement could be due to a direct causal relation or pos-

sibly genetic and/or environmental confounding (Hart et al.,

2021). Conversely, in the CTCD design, the environmental

exposure solely is hypothesized as a causal mechanism, and

the genetic and shared environmental similarity within a

twin pair is used to control for genetic and shared environ-

mental confounding outside of that exposure. As a note,

this design cannot control for non-shared environmental con-

founding, as this is by nature not shared within a twin pair.

Exposure Types in the CTCD

The critical feature of the CTCD is that twins are discordant

on the exposure. Exposures can be classified under three dis-

tinct types: experimental interventions, rare happenings, or

natural events (Segal, 2019). In experimental interventions,

van Dijk et al. 3



one twin is subjected to an intervention, whereas the other

twin does not receive the intervention. NASA has employed

the experimental design to understand how prolonged space-

flight impacts human physiology (Garrett-Bakelman et al.,

2019). In their study, NASA sent one twin astronaut to

space for 340 days while the identical twin stayed on earth.

Twins were compared pre- and postspaceflight on various

outcomes, including several cognitive skills. One of the

more notable outcomes was that the space twin decreased

accuracy and precision in the cognitive tasks postspaceflight

as compared to his earth twin (Garrett-Bakelman et al.,

2019). In this study, the earth twin represented what would

have happened to the space twin had he not spent a year in

space.

It is also possible to use the occurrence of rare events in

CTCD. In keeping with our earlier example of the effect of

childhood trauma on later anxiety, one twin might have expe-

rienced trauma early in childhood, such as being in a car acci-

dent, whereas the other twin did not experience this. With

exception of this event, the twins are considered similar in

all other aspects. A researcher could then check the differ-

ences in anxiety levels between the twins in a number of

twin pairs to get an estimate of the influence of trauma on

later anxiety levels. Using data from Vietnam veterans,

Koenen et al. (2003) used twin discordance in exposure to

combat and combat-related PTSD to assess if this caused

depression and dependency disorders after controlling for

shared familiar vulnerability. The results from the CTCD

showed twins with higher combat exposure and combat-

related PTSD had more risk for later mental illness and sub-

stance abuse disorders, even when the genetic risks were

taken into account.

The last type of discordance that can be investigated with

CTCD is due to natural occurrences. Differences in the behav-

ior and health of twins are considered natural events if they

are not a result of interventions. For example, CTCD has

been used to assess the health consequences of smoking

tobacco (Carmelli & Page, 1996) and the effects of drinking

alcohol on cognitive development when aging (McGue

et al., 2010). In psychological sciences, researchers have

used the design to explore the effect of teacher quality on

student reading performance (Hart et al., 2013) and the

effect of birthweight on ADHD symptoms (Lim et al.,

2018). These examples highlight the meaningful ways

CTCD can be used to answer research questions. The use

of any of these three types of exposure will result in a partic-

ularly strong quasi-experimental design that may lead to new

insights on risk factors of negative life outcomes and implica-

tions for interventions and public policy.

Determining Causality With CTCD

Causality in the CTCD is determined by checking if the asso-

ciation between the exposure, or hypothesized cause, and the

outcome is similar or different across three groups: all

individuals in the sample, MZ twins, and same-sex DZ

twins (see e.g., Bergen et al., 2008; Hart et al., 2013;

McGue et al., 2010). First, the relation between exposure

and outcome is assessed across all participants in the

sample, disregarding their twin status. This examination

will show if a relation exists, to begin with. Then the same

relation between exposure and outcome is examined within

MZ twins. The resulting estimate represents the association

between the exposure and the outcome without possible con-

founding of the effect of genetic and shared environmental

influences since the MZ twins share all of their additive

genetic and shared environmental influences. Therefore, if

the effect is still present in discordant MZ pairs, the causal

claim is much stronger. Finally, the same relation can be

tested in DZ twins (preferably same-sex DZ pairs for the

strongest control). The resulting estimate represents the possi-

ble relation between exposure and outcome controlling for

shared environmental influences and some genetic influences

(since DZ twins share about half of their additive genetic

influences).

The causal relation from exposure to outcome is estab-

lished by estimating different regression models commensu-

rate with the three tests just described. First, to estimate the

individual, or sample, effect, researchers need to estimate a

linear regression using all twins without considering if they

come from the same family. For this model let Yij be the

observed outcome for the ith twin (i= 1, 2) in the jth twin

pair ( j= 1, 2, …, N ) and xij the corresponding value on the

exposure for each individual twin. In general, exposure in

the CTCD is conceptualized as a dichotomous variable (0=

not exposed, and 1= exposed). In cases where researchers

are interested in the effect of a continuous variable (e.g., birth-

weight, alcohol use, anxiety) on an outcome, they will have to

make a decision as to what the cut-off for exposure is, or what

constitutes a difference great enough to be considered dis-

cordant. The individual regression model is then represented

as follows

Yij = β0 + β1xij + εij (1)

where β1 is the individual level effect of the exposure on the

outcome, β0 represents the intercept, and εij is the residual, or

error term, which is correlated within each twin pair in this

model. Imagine a study examining the relation between

being bullied and exhibiting externalizing problem behaviors

in middle school. Yij would represent each twin’s value on an

externalizing behavior measure, and xij if they were a victim

of bullying. The value of β1 is the estimate of the effect of

being bullied on later externalizing problems in the sample.

If this estimate is statistically significant, researchers can

then move to control for possible genetic and environmental

confounding by modeling the exposure to outcome relation

taking the twin pairs into account.

The twin models are performed within the hierarchical

linear modeling framework. Within this framework,
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individual twins are considered nested within a twin pair,

making each individual twin a level 1 variable and the twin

pairs the level 2 variables. This leads to the following model

Yij = β0 + βW (xij − �xj)+ βB�xj + υj + εij (2)

where βW represents the within twin pair effect, βB represents

the between twin pair effect, �xj represents the mean value on

the exposure of the jth twin pair, υj is the level 2 variance, and

εij is the individual residual, or error term, which is correlated

within each twin pair. In our imagined study, βW is the direct

estimate of the effect of being bullied on externalizing behav-

ior within each twin pair, thus accounting for genetic and

environmental confounds. To further probe the influence of

genes of the effect of bullying on externalizing problem

behavior, researchers can disaggregate the within twin pair

parameter estimate by zygosity status. This disaggregation

involves adding zygosity as a covariate and an interaction

term. In addition, any nonshared environmental factors that

may influence the relation should be added as control vari-

ables in the models to reduce the possibility of confounding

the effect (see e.g., Koenen et al., 2003). The final model

serves as a way to estimate the differences in marginal

means, or expected outcomes, for each of the groups (i.e.,

all individuals in the sample, discordant MZ twins, and dis-

cordant DZ twins). These differences in marginal means are

the basis for the comparisons to determine causality.

Table 3 provide the example code that includes the CTCD

model and estimation of marginal means for both SAS and R.

Comparing the association between the exposure and the

outcome across these three groups (i.e., all individuals in

the sample, discordant MZ twins, and discordant DZ twins)

based on the difference in marginal means leads to four

outcome scenarios: (a) there is a possible causal relation

between the exposure and the outcome, (b) there is a possible

confounding effect caused by the shared environment, (c)

there is a possible confounding effect of caused by genes,

and (d) there is a possible confounding effect of both environ-

mental and genetic nature. These outcome scenarios are rep-

resented in Figure 1A to D.

Only scenario A provides evidence of a causal relation

between an exposure and an outcome; all bars representing

the estimates of the difference in marginal means should be

of (near) equal height with overlapping error bars (see

Figure 1A). In other words, the association between exposure

and outcome is seen even when controlling for genetic and

environmental influences within twin pairs, indicating

neither of these influences mattered for the relation. For

example, if the relation between being bullied and externaliz-

ing problem behaviors is completely causal, the association

should not be different in the sample, discordant MZ twins,

or discordant DZ twins.

Scenarios B–D are all noncausal. Figure 1B illustrates the

second outcome scenario where shared environmental factors

confound the causal relation. The association estimated for

both types of twins should be similar to each other, but

lower than the sample estimate. In Figure 1B, the difference

in marginal means for the sample is about 10, whereas the dif-

ference in marginal means for both twin pairs (i.e., discordant

MZ and DZ twins) is about 8. Additionally, while the discord-

ant twin pair groups have overlapping error bars, neither

overlap with the sample error bar. This divergence between

the difference in marginal means for the sample and discord-

ant twin pairs is a result of the same shared environment of

twins, for example, their family environment, and these

shared environmental influences are controlled for when

examining within twin pairs. In the case of the relation

between being bullied and exhibiting externalizing behaviors,

we would conclude that there are additional triggers in the

shared environment of children that lead to higher levels of

externalizing behaviors, but that bullying is not the cause of

the externalizing behaviors.

The third hypothetical outcome scenario is also non-

causal and involves genetic influences confounding a poten-

tial association (see Figure 1C). In this case, the difference in

marginal means will diverge across all three groups. In the

sample, it may seem as if an association exists, because

the individuals in the sample are considered unrelated and

genetic influences are, therefore, not being controlled for.

In the figure, this is represented by high differences in mar-

ginal means. The association should be almost nonexistent

for discordant MZ twins because they share all of their

genetic influences, and the genetic confounds are thus con-

trolled for when examining this group. The differences in

marginal means are near zero in this scenario. Finally, dis-

cordant DZ twin pairs should fall somewhere in the

middle of the two estimates, since they share about half of

their genetic influences. While the outcomes for the

sample still suggest an association between being bullied

and externalizing problem behavior, the fact that this associ-

ation is much lower in DZ twins and almost absent in MZ

twins would suggest bullying has no influence on external-

izing behavior problems. In fact, the results in this scenario

suggest externalizing behavior problems are mostly genetic

in nature.

The final hypothetical outcome scenario is also a non-

causal scenario where both genetic and shared environmen-

tal factors are confounding a potential association. In this

case, the association is only present in the sample but

does not show up for either of the twin types. This scenario

is represented in Figure 1D. The differences in marginal

means for the sample are still high and suggest an associa-

tion exists between the exposure and the outcomes. For

both twin pairs, however, there is no relation. The differ-

ence in marginal means for both groups is near zero. This

scenario implies that while it looks like an association

between bullying and externalizing behaviors exist based

on the sample data, this association is in fact confounded

by both genetic and shared environmental causes.

Children display higher levels of externalizing behavior

van Dijk et al. 5



problems because of their genes and how they grew up, not

because they were bullied.

Advantages and Limitations of the CTCD

Compared to other quasi-experimental designs, the CTCD

has one main advantage as alternative to experimental

designs: the ability to control for genetic and shared environ-

mental confounds. This control leads to the provision of a

near-perfect counterfactual. Almost any relation between an

exposure and an outcome might be confounded by genetic

or shared environmental influences. For example, the home

math environment is often considered related to kindergarten-

ers’ mathematics skills (2016). The home math environment,

which are math-related activities that parents do in the home

with their children such as counting objects and cooking,

could be considered a natural exposure that can lead to

better mathematics outcomes. It is possible this relation is

due to a causal mechanism between home numeracy activities

and math outcomes in school; however, it is also possible

there is a common environmental factor, such as having

parents with higher educational backgrounds (Thompson

Table 3. Example Code to Run co-twin Control Designs.

Platform Code Comments

SAS Title

“WithinBetweenInteraction

model”;

proc mixed data=YourData

method=ml covtest noclprint

empirical method;

class twinid bul zyg;

model ExtBeh = bul zyg

bul*zyg/solution

ddfm=residual;

random intercept/subject =

twinid type = un;

lsmeans bul*zyg bul/diff;

run;

This model estimates the effect of being bullied (bul) on

externalizing behavior problems (ExtBeh)

Use ML estimator with empirical method to get sandwich

estimator, covtest makes sure we get asymptotic standard

errors, noclprint surpresses any class level information

The model includes the effect of zygosity and its interaction

with the exposure (bul)needed to estimate the marginal

means. ddfm residual indicates SAS will use the residual

degrees of freedom.

This is a random intercept model, with an unstructured

covariance matrix that is useful got correlated models

We ask for the least-square means (marginal means) for

different groups based on exposure (bul) and zygosity (zyg)

and based on exposure only (bul), and ask for the differences

in the marginal means.

R ## WithinBetweenInteraction

model##

library(lme4)

library(lmerTest)

model <-lmer(ExtBeh ∼ bul +

zyg + bul*zyg + (1|twinid),

data=YourData, REML=FALSE)

summary(model)

anova(model)

confint(model)

library(lsmeans)

lsmeans(model, pairwise ∼

bul*zyg)

lsmeans(model, pairwise ∼ bul)

Comment on code

The installed R packages to fit model and give statistical

test. Run packages in this order.

The model indicates the effect of zygosity and its

interaction with exposure(bul), the “(1|twinid)” specifies

random intercept (“1” means intercept and “|” means

correlated), and a command not to use default REML. This

model will be used to estimate marginal means.

Asks for model results

Asks for random effects p-values

Ask for confidence intervals for random effect

Installed package for lsmeans function (emmeans package can

also be used to get least-square means)

Asking for the least-square means based on exposure (bul) and

zygosity only, this provides contrasts with differences in

marginal means.

Asking for least-square means based on exposure only (bul)
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et al., 2017). Alternatively, the lower mathematics skills may

be a function of other underlying problems, such as process-

ing speed (Willcutt et al., 2013). A combination between

genetics and the environment might also be at play. For

example, students genetically at risk for lower mathematics

skills have worse outcomes the more chaotic their home envi-

ronment (Docherty et al., 2011). Besides the randomized

control trial, where these genetic and environmental con-

founders are expected to be equally distributed across the

treatment and control groups, only the CTCD and several

other twin design studies can rule out genetic or shared envi-

ronmental factors as possible confounders (Hart et al., 2021).

Itmay be clear that CTCD’s greatest advantage is the use of a

powerful counterfactual that can be used to assess causation

while accounting for genetic and environmental influences

without the need for experimental manipulation or randomiza-

tion. As mentioned above, this characteristic of the design

does not preclude the use of experimental manipulation. For

example, to better understand the effect of play therapy on inter-

nalizing behaviors (e.g., Drisko et al., 2020) researchers might

randomly assign twins within each twin pair to either a play

therapy condition or a control condition. Combining experi-

mental manipulation with a twin design increases the power

to detect effects while requiring fewer participants. This

happens because much of the unexplained variance in scores

present for a random sample of participants, possibly due to

genetic and environmental factors, is not expected to exist in

the scores of twin pairs. Researchers are left with a highly pow-

erful model capable of providing strong evidence for causation.

Collecting data from twins may seem like a daunting task.

After all, twins are not ubiquitous and finding, recruiting, and

surveying them can take a long time. Fortunately, many other

researchers have started doing this since 1954, when the

Danish Twin Registry was established (Hur et al., 2019)

and researchers interested in using the CTCD can capitalize

on these registries. Currently, there are twin registries all

over the world. A recent special issue in Twin Research

and Human Genetics (Hur et al., 2019) contains information

on more than 60 such registries. Several registries contain

contact information on twins that can be used to recruit

twins for new studies (e.g., Mid-Atlantic Twin Registry of

Virginia Commonwealth University, Lilley et al., 2019).

Beyond new data collection, researchers can take advantage

of existing twin registries by using already collected data.

Many registries contain a wealth of variables, often across

multiple years, on behavioral, social, and academic character-

istics of the twins themselves and many also include info on

their families, teachers, and environments (Hur et al., 2019).

Because of the wide range of scope of contextual and

outcome measures within these registries, researchers are

likely to find a data set that includes the constructs of their

interest. Many national and international twin study registries

have publicly available data or at least will make data avail-

able upon request. Table 4 has an overview of twin registries

with data that is available through an online application

process. There are also registries that may not have an

online application process, but generally, because of a long

tradition of data sharing within the twin research community,

principal investigators are often highly receptive to sharing

data or collaborating on new projects. Examples of such reg-

istries include the FinnTwin16 (Kaidesoja et al., 2019), the

Murcia Twin Registry (Ordoñana et al., 2019), the Florida

State Twin Registry (Taylor et al., 2019), the National Project

on Achievement of Twins (Hart et al., 2019), and the Project

Talent Twin and Sibling Study (Prescott et al., 2019),

amongst others. Using extant data to answer research questions

using the CTCD is advantageous because it can save research-

ers and participants valuable time and monetary resources.

Conversely, the use of extant data from twin registries can

also be seen as a limitation to the CTCD design. This is

because the researcher is limited to the variables and collec-

tion methods used by the original investigators of these regis-

tries. It is possible the construct of interest is not directly

measured, but the data set may contain several proxies of

the construct. In some cases, this may constitute a threat to

construct validity in a study (Huggins-Manley et al., 2019).

A second possible consequence of using extant data is a

lack of control over the timing of the data collection. When

selecting variables, it is very important to ensure that the

hypothesized cause was measured before the outcome in

order to claim causation. In some relations, however, a

reverse causation may be at work. That is, the outcome con-

struct may have influenced the cause construct at an earlier

time. The CTCD cannot distinguish between this reverse cau-

sation (Bergen et al., 2008; McGue et al., 2010). Using data

from longitudinal twin studies can help to rule out the possi-

bility of reverse causation.

Besides reverse causation, as briefly mentioned earlier,

CTCDs cannot control for possible confounding non-shared

environmental influences (Bergen et al., 2008; McGue

et al., 2010). For example, if one twin received play therapy

and reduced internalizing behaviors at a higher rate than

their twin, but this twin was also bullied while not receiving

play therapy and consequently had higher rates of internaliz-

ing behaviors, the effects of the treatment are confounded

with this unshared life event. As a consequence, our percep-

tion of the causal mechanism of play therapy on internalizing

behaviors would be muddled.

Finally, if researchers use the CTCD as a natural experi-

ment, without experimental manipulation, it is impossible to

estimate the effect of environmental exposures that are

shared between twins on outcomes. The essential ingredient

of the CTCD is that twins are discordant on the exposure.

The diet in a household, for example, is unlikely to be differ-

ent for twins during childhood and therefore cannot be

explored as a hypothesized cause for later body weight prob-

lems with a CTCD. Nonetheless, these few restrictions on the

types of researcher questions that can be answered using the

CTCD do not detract from their utility in social work

research.
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Table 4. Twin Registries With Data on Behavioral, Environmental, and Social Aspects of Life Available by Applications.

Registry Country Brief Description Data Availability

Danish Twin
Registry

Denmark Data from 175,000 Danish twins, starting with
twins born in 1870. Datasets include information
on socio-demographics, health outcomes,
cognitive performance, psychological well-being,
personality, and lifestyle.

All data is available through an application
process online (fees for data transfer apply)
https://www.sdu.dk/en/om_sdu/institutter_
centre/ist_sundhedstjenesteforsk/centre/dtr/
researcher/guidelines

A subset of the data is also available through
ICPSR (21041)
https://www.icpsr.umich.edu/web/NACDA/
studies/21041

German Twin
Family Panel

Germany Data from more than 4,097 German families with
twins. Data collection focused on the emergence
and development of social inequality. Datasets
include information on educational achievement,
cognitive development, personality, social,
cultural and political life, physical and
psychological health, behavior disorders.

All data is available online through an application
process
https://paneldata.org/twinlife

Michigan State
University Twin
Registry

USA Data from more than 30,000 US twins. Datasets
include information on behavioral disorders,
psychological well-being, home environment,
substance use, and academic performance.

All data is available online through an application
process
https://msutwinstudies.com/msutr-data

The registry can also be used as recruitment for
new studies (fees apply).

NAS-NRC Twin
Registry

USA Data from 16,000 US twins. All twins were white
males participating in military service in World
War II. Datasets include information on
demographics, service records, substance use,
health outcomes, and home environments.

Data is available through application process at
ICPSR (36234). https://www.icpsr.umich.edu/
web/NACDA/studies/36234

Netherlands Twin
Register

Netherlands Data from 122,652 Dutch twins and their families.
Data includes information behavior disorders,
development, health outcomes, and psychological
well-being.

Data is available through an application process
https://tweelingenregister.vu.nl/information_
for_researchers/working-with-ntr-data

Norwegian Twin
Registry

Norway Data from 47,989 Norwegian twins, starting with
twins born in 1895. Datasets include information
on socio-demographics, health outcomes,
neurological disorders, and psychological
well-being.

Data is available through an application process
https://www.fhi.no/en/more/health-studies/
norwegian-twin-registry/

Québec Study of
Newborn Twins

Canada Data from 662 Canadian families with twins. Data
include information on physical development,
cognitive achievement, behavioral disorders,
socio-demographics, and the home environment.

Data is available through an application process
https://www.maelstrom-research.org/mica/
individual-study/ejnq

SpeADy Twin
Family Study

Germany Data from 573 German families with twins. Data
includes information on personality, social,
cultural and political life.

Data is available through an application process

Swedish Twin
Registry

Sweden Data from 87,000 Swedish twin pairs. Datasets
include information on family life, health
outcomes, psychological well-being, behavior
disorders, and psychopathology.

Data is available through an application process
(fees may apply)
https://ki.se/en/research/swedish-twin-
registry-for-researchers

A subset of the data is also publicly available
through ICPSR (3843)
https://www.icpsr.umich.edu/web/NACDA/
studies/3843

Twin Research
Australia

Australia Data from 1,500 Australian twin pairs. Datasets
include information on education, health
outcomes, lifestyles, socioeconomics,
psychological well-being

Data is available through an application process
https://www.twins.org.au/research/research-
with-us/81-how-to-work-with-us
Registry can also be used as recruitment for
new studies.

Twins Early Britain Data from 10,000 British twin pairs. Datasets Data is available through an application process

(continued)
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Conclusion

Many causal mechanisms that are of interest to social work

researchers may not be feasible or ethical to examine within

experimental RCTs, and finding quasi-experimental designs

with counterfactuals able to provide compelling evidence of

causality can also be challenging. In such situations, the

CTCD, with the added benefit of using extant data from

twin registries and the ability to eliminate genetic and envi-

ronmental confounds, is a viable and attractive option for

social work researchers wanting preliminary evidence for a

causal inference.
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Figure 1. Hypothetical outcome scenarios of a Co-twin control design study.
Note. Sample= all individuals in the sample; MZ=monozygotic; DZ= dizygotic. A represents a possible causal effect, represented by a similar
effect across individuals no matter their relatedness. B represents the possibility of shared environmental confounding, with the effect in both
twin pairs lower than in the sample. C represents the genetic confounding, with the effect dissipating as subjects become more related. D
represents the genetic and shared environmental confounding with no effect for twins, while the effect remains in the sample. Outcome
scenarios B, C, and D do not provide evidence of a causal relation between the exposure and the outcome

Table 4. (continued)

Registry Country Brief Description Data Availability

Development
study

contain information on the home and school
environment, academic achievement, cognitive
development, psychological well-being,
personality, and physical health outcomes.

http://www.teds.ac.uk/researchers/teds-data-
access-policy

Washington State
Twin Registry

USA Data from 9,771 US twin pairs. Datasets include
information on physical health outcomes,
psychological well-being, stress, and personality.

Data is available through an application process
https://wstwinregistry.org/for-researchers/
policies-procedures-for-accessing-the-wstr/
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