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Abstract
In the present paper, the application of a parametric bootstrap procedure, as described by van de Schoot, Hoijtink, and Deković (2010), will
be applied to demonstrate that a direct test of an informative hypothesis offers more informative results compared to testing traditional
null hypotheses against catch-all rivals. Also, more power can be gained when informative hypotheses are tested directly. In this paper we
will (a) compare the results of traditional analyses with the results of this novel methodology; (b) introduce applied researchers to the
parametric bootstrap procedure for the evaluation of informative hypotheses; and (c) provide the results of a simulation study to demon-
strate power gains when using inequality constraints. We argue that researchers should directly evaluate inequality-constrained hypoth-
eses if there is a strong theory about the ordering of relevant parameters. In this way, researchers can make use of all knowledge available
from previous investigations, while also learning more from their data compared to traditional null-hypothesis testing.
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In the current paper we argue that evaluating expectations directly

using informative hypotheses produces a gain in power and pro-

duces more informative results compared to testing traditional

null hypotheses against catch-all rivals (e.g., Hoijtink, Klugkist,

& Boelen, 2008; van de Schoot et al., 2011). That is, when

researchers use the novel methodology described in the current

paper, the results provide direct support for the expectations under

investigation, instead of only indirect support, as is the case with

traditional hypothesis testing. The main advantage of the direct-

test result is that researchers do not have to rely on subjective cri-

teria or multiple testing, having instead direct evidence for their

expectations at hand.

An informative hypothesis contains information about the

ordering of statistical parameters such as regression coefficients

or means. Informative hypotheses cannot be tested directly using

classical null-hypothesis testing (e.g., Klugkist, Laudy, & Hoijtink,

2005; van de Schoot et al., 2011). Classical testing gives only

indirect support for the hypothesis of interest when the null

hypothesis is rejected. However, evaluation of informative hypoth-

eses is available for structural equation modelling (SEM; see van de

Schoot et al., 2010) and also for other statistical models (see e.g.,

Hoijtink et al., 2008; Mulder, Hoijtink, & Klugkist, 2009; Mulder,

Klugkist, et al., 2009; Wagenmakers, Lodewyckx, Kuriyal, &

Grasman, 2010).

In the present paper, a parametric bootstrap procedure such as

that described by van de Schoot et al. (2010) will be applied in order

to demonstrate that testing informative hypotheses directly yields

more useful results and also that more power can be gained from

informative hypothesis testing. In this paper we will therefore

(a) compare the results of traditional analyses with the results of this

novel methodology; (b) introduce applied researchers to the

parametric bootstrap procedure for the evaluation of informative

hypotheses; and (c) provide the results of a small simulation study,

in order to demonstrate that power can be gained when using

inequality constraints. We thereby reanalyse the data of Strohmeier,

Fandrem, Spiel, and Stefanek (2010; see also Gradinger, Strohmeier,

Stefanek, & Spiel, 2008; Spiel, Strohmeier, Fandrem, & Stefanek,

2009) and use their statistical model and data as a case study.

Example

Background

Both Fandrem, Strohmeier, and Roland (2009) and Strohmeier et al.

(2010; see also Gradinger et al., 2008; Spiel et al., 2009) have for-

mulated clear expectations about the direction and strength of

aggressive behavior predictors with respect to acceptance by

friends, reactive aggression, and belonging to an immigrant group.

More specifically, the goal of being accepted by friends was

expected to be a stronger predictor and reactive aggression a

weaker predictor for aggressive behavior in first-generation immi-

grants compared with second-generation immigrants and the native
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population. This expectation was based, for example, on the

argument of Strohmeier et al. (2010; see also Gradinger et al.,

2008; Spiel et al., 2009) that first-generation immigrants, who them-

selves had migrated and experienced resettlement, would be more

vulnerable regarding their peer relations than natives and second-

generation immigrants. This vulnerability was considered to help

explain why second-generation immigrants would also use antisocial

means—that is aggressive behavior—to reach their goal, that is, to

become affiliated with and accepted by their peers.

Sample

The sample was taken from Strohmeier et al. (2010) and comprised

640 students (51.5% girls). For the present analyses, three groups of

students were differentiated: native Austrians (n ¼ 339), first-

generation immigrants (n ¼ 126) and second-generation immi-

grants (n ¼ 175). The categorization of students was based on their

country of birth and that of their father and mother.

Instruments

For the present analyses three scales were used, each containing

three items (in a 4-point answering scale), in line with the original

paper of Strohmeier et al. (2010). In order to disentangle the

underlying functions (instrumental vs. reactive) and the different

forms (overt vs. relational) of aggressive behavior, two subscales

were used of a self-report measure developed by Little, Jones,

Henrich, and Hawley (2003) and replicated by Fite, Stauffacher,

Ostrov, and Colder (2008). Because functions of aggressive beha-

vior refer to the underlying motive systems that predict behavior,

behavior could be categorized in different forms (e.g., overt vs.

relational). The pure overt aggression scale (e.g. ‘‘I am somebody

who often quarrels with others’’) and the reactive overt aggression

scale (e.g. ‘‘When I am hurt by someone I often start quarrelling’’)

were taken from Little et al. (2003). To measure the goal of being

accepted by friends as an underlying function of aggressive beha-

vior, a new subscale was developed by Strohmeier et al. (2010)

using the same behavioral descriptions as in the scales developed

by Little et al. (2003; e.g., ‘‘To be accepted by my friends, I often

start quarrelling.’’) The response format for all scales ranged from

1 (not at all true) to 4 (very true). The scores for the pure overt

aggression scale (a ¼ .70 �.86), the reactive overt aggression

scale (a ¼ .76 �.86), and the acceptance-as-goal overt aggression

scale (a ¼ .76 �.92) formed reliable scales in all three groups.

A confirmatory factor analysis (CFA) was conducted in Mplus

where the three measurement models of the three latent constructs

(i.e., acceptance by friends, reactive aggression and aggressive

behaviour) were fitted in one single model (see Figure 1).

Fit indices indicated a reasonable fit, comparative fit index

Correlations:

.53 / .52 / .53

α1 = .62

α2 = .28

α3 = .67

β1 = .38   

β2 = .79

β3 = .44

Reactive
Aggression

Acceptance
As a goal

Aggressive
Behaviour

.74 / .79 / .82

.68 / .75 / .78

.77 / .81 / .86

.63 / .69 / .82

.72 / .78 / .90

.82 / .87 / .89

.60 / .76 / .78 .66 / .75 / .79 .75 / .78 / .87

R−square:

.79 / .93 / .95

Figure 1. Multiple group comparisons between reactive aggression, acceptance as a goal and aggressive behaviour.
Note: The regression coefficients are denoted with subscripts 1 ¼ native Austrians (n ¼ 339); 2 ¼ first-generation immigrants (n ¼ 126); and 3 ¼ second-generation
immigrants (n ¼ 175). The measurement model assumes full measurement invariance. Standardized factor loadings, R-squares are reported for the three groups
separately.

2 International Journal of Behavioral Development



(CFI) ¼ .92, Tucker–Lewis index (TLI) ¼ .92, root mean square

error of approximation (RMSEA) ¼ .10, standardized root mean

square residual (SRMR) ¼ .07. We also tested for measurement

invariance across groups. First, we released metric invariance

(loadings equal) which resulted in a drop of the Bayesian informa-

tion criterion value (BIC-value) compared to the full measurement

model (DBIC ¼ �17.35), indicating a worse trade-off between

model fit and model complexity. Thereafter, we tested for scalar

invariance (intercepts of indicators equal) which also resulted in

a drop of the BIC-value (DBIC ¼ 139.95). In all the subsequent

group comparison analyses regarding regression coefficients, the

factor loadings and intercepts of indicators were constrained

equally across the compared groups.

Statistical model

The statistical model (including the measurement model) as found

by Strohmeier et al. (2010) is shown in Figure 1. In this figure we

used a to denote the relationship between reactive aggression and

aggressive behavior and b to denote the relationship between

acceptance by friends and aggressive behavior. The regression

coefficients are denoted with subscripts 1 ¼ native Austrians (n

¼ 339); 2 ¼ first-generation immigrants (n ¼ 126); and 3 ¼
second-generation immigrants (n ¼ 175). This means that, for

example, a2 is the regression coefficient between reactive aggres-

sion and aggressive behavior for first-generation immigrants, and

b1 is the regression coefficient between acceptance by friends and

aggressive behavior for native Austrians. Standardized regression

coefficients and other estimates for the three groups separately are

shown in Figure 1.

Formulating an informative hypothesis

Whenever a researcher has an expectation regarding the ordering

of means or regression coefficients between groups of subjects

(e.g., five treatment groups, three immigrant groups, males vs.

females, and so on), it is possible to formulate informative

hypotheses (HI ). An informative hypothesis consists of inequality

constraints between the parameters of interest (in our example

regression coefficients) and can consist of ‘‘>’’ meaning ‘‘larger

than,’’ or ‘‘<’’ meaning ‘‘smaller than.’’ Such expectations about

the ordering of parameters can stem from previous studies, a liter-

ature review, or academic debate.

Consider the statistical model shown in Figure 1. Based on

previous research, there were strong prior beliefs about the order-

ing of the regression coefficient. More specifically, it was

expected that the goal of being accepted by friends was a stronger

predictor for aggressive behavior in first-generation immigrants

compared with second-generation immigrants and the native pop-

ulation; in statistical terms: b1 < b2 > b3. In contrast, it was

expected that reactive aggression was a weaker predictor for

aggressive behavior in first-generation immigrants compared

with second-generation immigrants and the native population;

in statistical terms: a1 > a2 < a3.

We will first evaluate these specific expectations using (the

best of) traditional null-hypothesis testing in the SEM frame-

work. These procedures result in indirect support for the specific

hypothesis of interest. Second, we will directly evaluate the spe-

cific expectation using the procedure described by van de Schoot

et al. (2010).

An indirect test for the specific
expectation

The traditional approach to evaluating the data of Strohmeier et al.

(2010) would consist of evaluating two models. In Model 1 the

parameters of interest (i.e., regression coefficients) would be con-

strained to be equal across groups; in Model 2 the parameters of

interest would be unconstrained across groups. Usually, a chi-

square difference test, or any other model selection tool, would

be used to select the best fitting model. The rejection of the null

hypothesis (Model 1, regression coefficients constrained to be equal

across groups) gives indirect support for the fact that not all

restricted means are equal. Follow-up analyses are needed in order

to obtain information about the direction of the effects and to deter-

mine exactly what coefficients are nonequal. However, using tradi-

tional null-hypothesis testing would only help Strohmeier et al. to

answer their research question indirectly.

Applying this default approach to answer the research question

at hand would involve evaluating two models, with, for Model 1, a1

. . . a3 and b1 . . . b3 being constrained to be equal across groups;

and, for Model 2, these parameters being unconstrained across

groups. In the form of statistical hypotheses this is stated as: Model

1 with {a1¼ a2¼ a3}; {b1¼ b2¼ b3} versus Model 2 with {a1, a2,

a3}; {b1, b2, b3}. Furthermore, a chi-square difference test was per-

formed using the software of Mplus version 6 (Muthén & Muthén,

1998–2010). It appeared that Model 2 was the preferred model (Dw2

(2) ¼ 17.29; p > .05). The rejection of the null hypothesis {a1 ¼ a2

¼ a3}; {b1 ¼ b2 ¼ b3} gives indirect support to the fact that not all

restricted regression coefficients are equal.

To obtain information about the direction of the effects, one

could visually inspect the standardized regression coefficients (see

Figure 1). On the basis of these results, it can be concluded that

reactive aggression is a weaker predictor of aggressive behavior

in first-generation immigrants compared with second-generation

immigrants and the native population. The goal of being accepted

by friends is a stronger predictor of aggressive behavior in first-

generation immigrants compared with second-generation immi-

grants and the native population. This conclusion would be in line

with prior specific expectations, but only indirectly.

Besides a visual inspection, Strohmeier et al. (2010) could also

use a Wald test to test for equality of regression coefficients by

using the option Model Test in Mplus. We conducted one single

Wald test with all constraints together (b1 ¼ b2; b1 ¼ b3; b2 ¼
b3; a1 ¼ a2; a1 ¼ a3; a2 ¼ a3), which resulted in a rejection of the

null hypothesis (p < .001). However, this result again provides only

indirect support for our hypothesis under investigation: b1 < b2 >

b3; a1 > a2 < a3. Conducting a model test with one constraint at

a time would result in six Wald tests for each combination of con-

straints. This strategy produces more information compared to a

visual inspection (ps < .01). The disadvantage of this procedure is

that multiple testing results in an inflation of the Type I error, which

is unwanted.

A direct test for the specific expectation

The procedure described by van de Schoot et al. (2010) is the first to

enable the direct testing of a specific expectation formulated with

inequality-constrained hypotheses in SEM, with the aid of commonly

used software, Mplus (Muthén & Muthén, 1998–2010); but see also

Galindo-Garre and Vermunt (2004, 2005); Stoel, Galindo-Garre,

Schoot and Strohmeier 3



Dolan, & van den Wittenboer (2006), and Tsonaka and Moustaki

(2007) for other methods of evaluating inequality constraints in the

SEM framework. Van de Schoot et al. (2010) showed how to com-

bine constrained parameter estimation in Mplus (see also Ritov &

Gilula, 1993; Schoenberg, 1997) with the parametric bootstrap (see

e.g., Efron & Tibshirani, 1993) which by default is available in

Mplus.

Two types of hypothesis tests

To test the specific expectation {a1 > a2 < a3}; {b1 < b2 > b3}

directly, we used the following two types of null-hypothesis tests

(see also Silvapulle & Sen, 2004); Test Type A of the form:

H0: a1¼ a2¼ a3f g; b1¼ b2¼ b3f g

versus

H1A a1> a2< a3f g; b1< b2> b3f g

and Test Type B of the form:

H0A a1> a2< a3f g; b1< b2> b3f g

versus

H1 a1; a2; a3f g; b1; b2; b3f g:

Note that for Hypothesis Test Type A, our inequality-

constrained hypothesis H.A here served the role of alternative

hypothesis, whereas for Test Type B, H.A served the role of null

hypothesis.

If for Test Type A the null hypothesis was rejected and for Test

Type B the null hypothesis was not rejected, then the conclusion

would be that H.A is the best hypothesis and that our theoretical

expectation would be confirmed. In this way, we would gather

direct evidence for the expectation at hand, without relying on

visual inspection of data.

Testing inequality-constrained hypothesis using a normal chi-

square difference test is not possible because the asymptotic distri-

bution of the chi-square test is not a chi-square distribution after the

introduction of inequality constraints (Ritov & Gilula, 1993;

.Silvapulle & Sen, 2004; Stoel et al., 2006). Therefore we used

so-called plug-in p-values obtained by using a parametric bootstrap

procedure as described by van de Schoot et al. (2010), which boils

down to the five steps explained below (see also Figure 2 for a gra-

phical representation). Note that the five steps were separately com-

puted for both the Type A and Type B tests.

Step-by-step description

Step 1.. The first step was to estimate the model using the con-

straints of the null hypothesis and to save the parameter estimates

(i.e., either under the constraints of H0 for Test Type A, or the con-

straints of H0A for Test Type B; see Figure 2). In our example and

for Hypothesis Test Type A, the SEM model shown in Figure 1 was

estimated using the constraints {a1 ¼ a2 ¼ a3}; {b1 ¼ b2 ¼ b3}.

See the Appendix for the Step 1 syntax.

Note that all steps described in this section are similar for

Hypothesis Test Type B, but then the null hypothesis is H0A: {a1

> a2 < a3}; {b1 < b2 > b3} and the syntax was MODEL CON-

STRAINT: a1 > a2; a2 < a3; b1 < b2; b2 > b3;. The (un)

constrained parameter estimates of the regression coefficients for

Step 1 are shown in Table 1 for both types of hypothesis tests.

Step 2.. The second step was to perform a parametric bootstrap

from a population for which the null hypothesis is true. In other

words, a number of T bootstrap samples (T¼ 1000) of size n (where

n is the sample size per immigrant group taken from the original

data). Note that all these samples were drawn from a population for

which the null hypothesis is true.

This can be done using the file saved in the previous step

(ESTIMATES ARE D:\estimates.txt;) and treating these parameter

estimates as population parameters. The Monte Carlo option in

Mplus was used to generate replicated data sets from this popula-

tion. See the Appendix for the Step 2 syntax.

Step 2 resulted in 1000 replicated data sets based on the null

population. The same procedure was done for Hypothesis Test

Type B, but now the population file was based on the estimates

under H0A: {a1 > a2 < a3}; {b1 < b2 > b3}.

Step 3.. Then, for the third step and for Hypothesis Test Type A,

for each replicated data set the SEM model of Figure 1 was esti-

mated with the constrained option of Mplus using the constraints

of H0: {a1 ¼ a2 ¼ a3}; {b1 ¼ b2 ¼ b3}. See the Appendix for the

Step 3a syntax.

This step resulted in 1000 analyses with 1000 sets of results that

were all saved in one single file (i.e., regression coefficients, like-

lihood value, fit indices, and so on). For our methodology we only

used the likelihood value for each of these 1000 sets of results.

The 1000 replicated data sets were also evaluated with the con-

strained option of Mplus using the constraints for the alternative

hypothesis; for Test Type A this was H1A: {a1 > a2 < a3}; {b1 <

b2 > b3}. See the Appendix for the Step 3b syntax.

Again, the results were saved for each replicated data set. In

sum, the results of Step 3 for Hypothesis Test Type A were two col-

lections of 1000 likelihood values. Also for Hypothesis Test Type B

two collections of 1000 likelihood values were saved.

Step 4.. The next step was to run the model for the observed data

set (using DATA IS data.dat;) with the constrained option of Mplus

using the constraints of H0 for Test Type A: {a1 ¼ a2 ¼ a3}; {b1 ¼
b2¼ b3} and using the constraints of H1A for Test Type A: {a1 > a2

< a3}; {b1 < b2 > b3}.

The results of Step 4 were two sets of results (i.e., regression

coefficients, likelihood value, fit indices, and so on), under H0 and

under H1A. Also for Step 4, we were only interested in the two like-

lihood values of the two models computed on the actual observed

data set. The same procedure was performed for Hypothesis Test

Type B, resulting in two likelihood values, but now estimated under

the constraints for H0A and H1.

Step 5.. The final step was to choose a test statistic to investigate

the compatibility of the null hypothesis with the observed data. Like

many previous studies (e.g., Silvapulle & Sen, 2004), we used the

likelihood ratio test for evaluating the hypotheses at hand. How-

ever, as explained before, we did not use a normal p-value based

on a chi-square distribution to evaluate the result, but we computed

a plug-in p-value (see van de Schoot et al., 2010). To do so, for each

replicated data set the likelihood ratio test (LRT) was performed

(see Step 5a in Figure 2). We used R-code, which is available at

4 International Journal of Behavioral Development



Data set

Step 1: Parameter
estimates under H0

Step 2: Generate
T data sets (T = 1000) 

Replicated
Data set 1

Replicated
Data set 2

Replicated Data
set 1000

L
ik

el
ih

oo
d 

un
de

r 
H

0

L
ik

el
ih

oo
d 

un
de

r 
H

0

L
ik

el
ih

oo
d 

un
de

r 
H

0

L
ik

el
ih

oo
d 

un
de

r 
H

0

L
ik

el
ih

oo
d 

un
de

r 
H

1

L
ik

el
ih

oo
d 

un
de

r 
H

1

L
ik

el
ih

oo
d 

un
de

r 
H

1

L
ik

el
ih

oo
d 

un
de

r 
H

1

{ { {

LRT-Test 1 LRT-Test 2
LRT-Test

1000

{

Step 5b:
LRT-Test for
observed data

St
ep

 3
:

St
ep

 4
:

St
ep

 5
a:

Figure 2. Graphical representation of the parametric bootstrap method.
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www.fss.uu.nl/ms/schoot, to compute the LRT-tests in R

(R Development Core Team, 2006).

This step resulted in 1000 LRT-values, one LRT-value for each

of the replicated data sets. In Figure 3, the frequency distribution of

these LRT-values is shown for Hypothesis Test Type A. This figure

shows that many of the replicated LRT-values are close to 0. We

also computed the LRT-test for the actual observed data set (see

Step 5b in Figure 2), resulting in one single LRT-value of 18.55 for

Hypothesis Test Type A.

Now, a plug-in p-value was computed by taking the proportion

of LRT-values from the replicated data sets that were equal or

larger than the LRT-value of the observed data set. This proportion

is called the plug-in p-value. The plug-in p-value for Hypothesis

Test Type A was p < .001, indicating that less than .01% of the LRT

values for the replicated data sets were larger than the LRT-value of

the observed data set.

To determine whether the LRT-value from the observed data set

stems from a population where the null hypothesis is true, it has to be

smaller than the alpha value. Traditionally, an alpha value of .05 is

used and as such the observed LRT-value has to lie on the left-

hand side of the straight line in Figure 3, which denotes the fifth per-

centile of the replicated LRT values. As can be seen, the observed

LRT-value is clearly located on the right of this line. Therefore, the

null hypothesis for Hypothesis Test Type A can be rejected.

However, as was investigated by van de Schoot et al. (2010), the

alpha value needs to be calibrated if inequality constraints are used.

That is, it is assumed that Pr(p < a* | H0)¼ a, or stated in words: the

probability that the p-value is smaller than a*, given that the null

hypothesis is true, should equal a. If a* ¼ a, and a ¼ .05, then the

probability that the p-value is smaller than .05, given that the null

hypothesis is true, should equal .05. Van de Schoot et al. (2010)

showed that this rule does not always hold when evaluating inequal-

ity constraints (see also Andrews, 2000, Galindo-Garre, &

Vermunt, 2004, 2005). It could, for example, be the case that the

probability that the p-value is smaller than .05, given that the null

hypothesis is true, equals .05. For example, Pr(p < .04 | H0) ¼
.05. To obtain the calibrated alpha value, van de Schoot et al.

(2010) performed a double bootstrap procedure. In our example, the

plug-in p-value is < .001 and calibration of the alpha value is not

really an issue.

Hypothesis Test Type B

We also ran the same steps for Hypothesis Test Type B, where data

sets are generated under the null hypothesis with the constraints of

H0A: {a1 > a2 < a3}; {b1 < b2 > b3}. Figure 4 shows the distribution

of replicated LRT-values. The observed LRT-value was 0.13 and

the plug-in p-value was .99. The observed LRT-value is situated

on the left-hand side of the dotted line in Figure 4 (representing

an alpha value of .05). Consequently, the null hypothesis cannot

be rejected, which is in fact a good result, because now the null

hypothesis represents our expectation. Again, for this example,

calibration of the alpha level is not really an issue.

Conclusion of the direct test

Remember that the null hypothesis of Test Type A was of the form

H0: {a1¼ a2¼ a3}; {b1¼ b2¼ b3}, whereas the null hypothesis of

Test Type B was of the form H0A: {a1 > a2 < a3}; {b1 < b2 > b3}.

Since the first null hypothesis (i.e., H0) was rejected in favour of

H1A, but the second null hypothesis (i.e., H0A) was not rejected

when compared to an unconstrained hypothesis (i.e., H1), we can

conclude that the inequality-constrained hypothesis H.A is the best

hypothesis.

Table 1. Unstandardized regression coefficients under H0 for both

Hypothesis Test Type A and B (between brackets SE)

Hypothesis Test Type A

Coefficients under H0:

{a1 ¼ a 2 ¼ a 3};

{b1 ¼ b 2 ¼ b 3}.

Hypothesis Test Type B

Coefficients under H0A:

{a1 > a 2 < a 3};

{b1 < b 2 > b 3}

a1 .31 (.02) .30 (.03)

a2 .31 (.02) .18 (.03)

a3 .31 (.02) .48 (.03)

b1 .60 (.02) .54 (.06)

b2 .60 (.02) .76 (.06)

b3 .60 (.02) .50 (.06)

Test result Observed

LRT-value ¼ 18.55 (p < .001)

Observed

LRT-value ¼ 0.13 (p ¼ .99)

Figure 3. Distribution of LRT values for Hypothesis Test Type A. The

straight line denotes the fifth percentile of the replicated LRT values.

5th percentile of the replicated LRT values

Figure 4. Distribution of LRT values for Hypothesis Test Type B. The

straight line denotes the fifth percentile of the replicated LRT values.
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Taking a contextual perspective, we can conclude that the null

hypothesis which assumed that all groups (native population, first-

and second-generation immigrants) are equal with regard to the rela-

tionship between aggressive behavior and the goal of being accepted

by friends on the one hand and reactive aggression on the other, is

rejected in favour of our expectation. This was that the goal of being

accepted by friends is a stronger predictor than reactive aggression

for aggressive behavior in first-generation immigrants, compared

with second-generation immigrants and the native population.

Moreover, the null hypothesis which assumed that the goal of being

accepted by friends is a stronger predictor than reactive aggression

for aggressive behavior in first-generation immigrants compared

with second-generation immigrants and the native population could

not be rejected when compared to an unconstrained hypothesis.

Although the results of the classical approach also provided

support for this conclusion, we now have direct support for our

expectation under investigation. The main advantage of the direct

test is that researchers do not have to rely on subjective criteria

or multiple testing, but that researchers have a direct test for their

expectations at hand.

Simulation study

Besides the advantage of replication/confirmation of previous

research results, another advantage of evaluating inequality-

constrained hypotheses is that a gain in power can be obtained.

An increase in power is achieved because specifying inequality

constraints leads to a part of the parameter space being omitted.

Stated otherwise, the more specific the alternative hypothesis

(i.e., H.A is more specific than H1), the better it can be distinguished

from H0. As a result, a smaller sample size is needed to obtain sim-

ilar effects compared to traditional methods. As was stated before,

the method of using inequality constraints leads to a gain in power,

but one of the main questions still waiting for an answer is how

much power is gained.

We performed a small simulation study to simply test the role of

sample size to establish how many subjects in each group would

result in a significant effect. That is, we wanted to establish the min-

imal number of subjects required to decrease sample size while still

obtaining a significant result. In some types of research, ethical and

clinical considerations urge us to limit, to an absolute minimum, the

number of participants who can be asked to participate in a research

project; or the size of a certain population of interest may be small

by definition. In these situations, every sample-size reduction is

beneficial.

To run the small simulation study, we used the unconstrained

variance–covariance matrix of our example as being the population

matrix. This can be carried out in Mplus, using the option SAVE:

SAMPLE IS sample.dat;. Consequently, Mplus saves a file with the

variance–covariance matrix that can be used in a new model. Next,

to estimate a model using this population matrix, the following syn-

tax can be used:

DATA: FILE IS sample.dat;

TYPE ¼ covariance;

NGROUPS ¼ 3; NOBSERVATIONS ¼ 40 40 40;

For this syntax the sample size per group can be varied, in this

case the sample size for each group is 40. As can be seen in Table 2,

we evaluated five data sets with an increasing sample size per group

n¼ 25 to n¼ 45. The difference between Data set 1 and 2 is that 15

more participants are included in the data analysis.

The model in Figure 1 was evaluated using the Wald test and

using the Type A hypothesis-testing strategy. We varied the sample

size in order to establish the number of subjects required for each

group for the testing strategy to result in a significant effect. Table

2 shows how we computed the Wald test and the plug-in p-value for

Hypothesis Test Type A for sample sizes varying between 25 and

45 per group.

In the case of the plug-in p-value, a significant result was

obtained with 35 cases per group (n ¼ 35 * 3 ¼ 115). For the Wald

test a significant result was obtained with 40 cases per group (n ¼
40 * 3 ¼ 120). These results show that when using the plug-in

p-value, 15 participants less are needed to obtain a significant

result. Based on these results, it can be concluded that, compared

to the Wald test, fewer participants are needed for the parametric

bootstrap procedure to obtain significant results.

Conclusion

As Lee and Pope (2006) contend, much information about the

outcomes of a research design is already known before data are col-

lected (see also Lee & Wagenmakers, 2005). In these circum-

stances, researchers can specify informative hypotheses

consisting of inequality constraints which can and should be tested.

We argue that many researchers—like Strohmeier et al. (2010)—

have very strong prior beliefs about the ordering of specific

parameters (e.g., regression coefficients) and are therefore not

particularly interested in the result of a traditional null-hypothesis

test. This is because many researchers have no particular interest

in the conclusion of traditional null-hypothesis testing: rejecting

or failing to reject the null hypothesis stating that ‘‘nothing is going

on’’ in favour of the catch-all alternative hypothesis (see also

Cohen, 1994). In traditional null-hypothesis testing, only indirect

evidence is provided about the specific expectation under investiga-

tion when the traditional null hypothesis is rejected (see also van de

Schoot et al., 2011).

Therefore, we argue that these researchers would profit from

using informative hypotheses testing instead of classical null-

hypothesis testing. In the current paper we described a novel

approach to solve the issue of obtaining a direct test (see van de

Schoot et al., 2010). We introduced this methodology and provided

Mplus syntax for applied researchers so they can actually use it. In

addition, we compared the results of the novel approach with the

results of more traditional strategies.

The main advantage of the procedure is that it improves power

and increases model fitness, compared with conventional proce-

dures applied to the same data with the same number of cases.

Stated otherwise, fewer participants are needed compared to the

Table 2. Results of the simulation study for the Wald test and for

Hypothesis Test Type A

Sample size per group
Classical Wald test Parametric bootstrap result

w2 p-value LRT-value p-value

n ¼ 25 6.57 .160 3.09 .116

n ¼ 30 7.89 .091 3.71 .076

n ¼ 35 9.20 .056 4.33 .038*

n ¼ 40 10.52 .032* 4.94 .022*

n ¼ 45 11.83 .018* 5.56 .010*

*Significant results with alpha ¼ .05.
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traditional approach. An increase in power is achieved because

using the data to directly evaluate the inequality-constrained

hypothesis is more straightforward than testing the null hypothesis

versus the catch-all rivals which are not directly related to the

expectations. The proposed research is highly relevant to research-

ers involved in projects where ethical and clinical considerations

urge them to limit, to an absolute minimum, the number of partici-

pants who can be asked to participate. Or, the method can be

applied in research programs in which the size of the (sub)popula-

tion of interest is so small, that traditional analyses result in severe

power problems.

The approach of directly testing specific expectation has many

advantages. First of all, prior information—taken from, for exam-

ple, previous research or a literature review—can be incorporated

into the analysis. By directly evaluating prior information specified

by the researcher before actually looking at the data, the researcher

is able to investigate the plausibility of previous research findings in

relation to new data. The strategy of direct testing provides a

worthy alternative to traditional null-hypothesis testing which only

provides indirect support for the informative hypothesis under

investigation.

Although for our small simulation study it was possible to

exclude only 15 participants, the benefit will be higher if more con-

straints are added to the statistical model. More research is needed

to find out how many participants can be excluded for different

types of statistical models. Also, a more extensive simulation study

should be performed in the future to establish the correlation

between adding one more constraint and the gain in power. Future

research should also include more comprehensive simulation stud-

ies in which the role of accuracy of estimates, effect size, power,

etcetera, would be investigated in greater detail and the results of

the classical and new approach would be compared to one another.

Such extensive simulation studies go beyond the scope of the cur-

rent paper, but are of utmost importance in light of applied studies

where research ethical and clinical considerations may urge

researchers to limit, to an absolute minimum, the number of parti-

cipants asked to participate in a research project.

In sum, we argued that researchers should directly evaluate

informative hypotheses if there is a strong theory about the ordering

of relevant parameters. This can for instance be done using the

methodology introduced in the current paper (see also van de

Schoot et al., 2010). In this way, researchers can use all knowledge

available from previous investigations and can learn more from

their data compared to traditional null-hypothesis testing.
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inequality constrained hypotheses in SEM models. Structural Equa-

tion Modeling, 17, 443–463.

Van de Schoot, R., Hoijtink, H., Mulder, J., van Aken, M. A. G., Orobio

de Castro, B., Meeus, W., & Romeijn, J.-W. (2011). Evaluating

expectations about negative emotional states of aggressive boys

using Bayesian model selection. Developmental Psychology, 47,

203–212.

Wagenmakers E-J., Lodewyckx, T., Kuriyal, H., & Grasman, R. (2010).

Bayesian hypothesis testing for psychologists: A tutorial on the

Savage–Dickey method. Cognitive Psychology, 60, 158–189.

Schoot and Strohmeier 9



Appendix. Mplus syntax for the five-step procedure

Syntax for Step 1

MODEL: ! measurement model:

REA BY REA1- REA3; ACC BY ACC1- ACC3; AGG BY AGG1-AGG3;

! path model:

AGG ON REA ACC;

MODEL natives: AGG ON REA (a1) ACC (b1);

MODEL first: AGG ON REA (a2) ACC (b2);

MODEL second: AGG ON REA (a3) ACC (b3);

MODEL CONSTRAINT: a1 ¼ a2; a2 ¼ a3; b1 ¼ 2; b2 ¼ b3;

SAVE: RESULTS ARE D:\results_data_H0.txt;

ESTIMATES ARE D:\estimates.txt;

Syntax for Step 2

MONTECARLO: NAMES ARE REA1-REA3 ACC1-ACC3 AGG1-AGG3;

NGROUPS ¼ 3; NOBSERVATIONS ¼ 339 126 175; NREPS ¼ 1000;

POPULATION ¼ D:\estimates.txt; !this is the saved file of step 1

REPSAVE¼ ALL;

SAVE¼ D:\rep_*.txt; !this option saves datasets generated from the population.

RESULTS ¼ D:\results_sim.txt;

MODEL POPULATION: REA BY REA1- REA3; ACC BY ACC1- ACC3;

AGG BY AGG1-AGG3; AGG ON REA ACC;

Syntax for Step 3a

DATA: FILE ¼ D:\ rep_list.txt; TYPE ¼ MONTECARLO;

VARIABLE: names are: NAMES ARE REA1-REA3 ACC1-ACC3 AGG1-AGG3 IMSTAT;

GROUPING IS IMSTAT (1 ¼ natives 2 ¼ first 3 ¼ second);

MODEL natives: AGG ON REA (a1) ACC (b1);

AGG(v1); REA (w1); ACC(y1);

MODEL first: AGG ON REA (a2) ACC (b2);

AGG(v2); REA (w2); ACC(y2);

MODEL second: AGG ON REA (a3) ACC (b3);

AGG(v3); REA (w3); ACC(y3);

MODEL CONSTRAINT: a1 ¼ a2; a2 ¼ a3; b1 ¼ b2; b2 ¼ b3;

!to make sure that for each replicated data set the variances are larger than one, the following

additional constraints have been used:

v1 > 0; v2 > 0; v3 > 0; w1 > 0; w2 > 0; w3 > 0; y1 > 0; y2 > 0; y3 > 0;

RESULTS ARE D:\results_simulatie_H0.txt;

Syntax for Step 3b

DATA: FILE ¼ D:\ rep_list.txt; TYPE ¼ MONTECARLO;

VARIABLE: names are: NAMES ARE REA1-REA3 ACC1-ACC3 AGG1-AGG3 IMSTAT;

GROUPING IS IMSTAT (1 ¼ natives 2 ¼ first 3 ¼ second);

MODEL natives: AGG ON REA (a1) ACC (b1);

AGG(v1); REA (w1); ACC(y1);

MODEL first: AGG ON REA (a2) ACC (b2);

AGG(v2); REA (w2); ACC(y2);

MODEL second: AGG ON REA (a3) ACC (b3);

AGG(v3); REA (w3); ACC(y3);
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MODEL CONSTRAINT: a1 > a2; a3 > a2; b2 > b1; b2 > b3;

!to make sure that for each replicated data set the variances are larger than one, the following

additional constraints have been used:

v1 > 0; v2 >0; v3 > 0; w1 > 0; w2 > 0; w3 > 0; y1 > 0; y2 > 0; y3 > 0;

RESULTS ARE D:\results_simulatie_H1.txt;
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