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Article

Best Practices for Analyzing Interaction Effects in
Stata: A Comparison of Statistical Approaches

F. Bittmann

Felix Bittmann, Leibniz Institute for Educational Trajectories, Bamberg/Germany; felix.bittmann@lifbi.de

Abstract: When the effect of a treatment variable on an outcome variable differs between two groups, an interaction

effect is present. Since this is one of the most common statistical analyses, Stata offers a wide variety of methods

to investigate such effects. The present study outlines how these different analyses can be performed in Stata and

provides a comprehensive simulation study to determine which method has the best statistical properties. To this

end, both the nominal alpha error rate and statistical power are assessed for continuous and binary dependent

variables. For a deeper analysis, not only are the sample sizes varied, but other potential challenges are also

considered, such as heteroscedasticity for the continuous outcome and imbalanced binary outcome variables.

The results indicate that some methods deviate significantly from the nominal alpha limit, leading to incorrect

conclusions on average. For the continuous outcome variable, the OLS regression approach with robust (HC3)

standard errors and an interaction term yields the best results. For the binary outcome, we recommend the logit

model with robust standard errors or the linear probability model with robust (HC3) standard errors.

Keywords: interaction effect; moderation effect; nonparametric methods; simulation study; Stata

1. Introduction

Testing for heterogeneous effects is one of the most popular and widespread applications of
statistics in empirical research. Many theories predict that the effect of a treatment is not uniform but
can differ between groups. For example, one might suppose that the dosage of a new antihypertensive
drug works differently in men and women, and that different dosages might be required to achieve
the same effect for both genders. These heterogeneous effects can have significant consequences for
both empirical research and practical interventions. In regression analysis frameworks, these tests are
usually referred to as interactions (sometimes also called moderation). The key idea is that the main
effect of a treatment interacts with a subgroup of the sample. In Figure 1, such a process is visualized.
The effect that the treatment exerts on the outcome is stronger in group 1 than in group 2, as shown by
the differing slopes of the lines. While this concept is theoretically easy to grasp, there exists a large
variety of potential empirical approaches to investigate such heterogeneous effects. In this paper, we
introduce a wide range of potential solutions in Stata. We will investigate both continuous and binary
outcome variables with a continuous treatment variable and binary groups.
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Figure 1. Interaction effect visualized. The effect of the treatment on the outcome differs by group.

To assess the statistical quality and validity of various empirical approaches, we examine two
important aspects: alpha error and statistical power. The alpha error (also known as Type I error) is
the probability of incorrectly rejecting the null hypothesis. Typically, the null hypothesis is formulated
conservatively (assuming that the effect of the treatment is identical across all groups), while the
alternative hypothesis is more liberal, suggesting that the treatment effect is heterogeneous. If the null
hypothesis is incorrectly rejected, it means that one believes an effect exists when, in fact, it does not.
The alpha error level is set a priori by the researcher, often at 5%. This means that, even if there is no
true effect, the probability of incorrectly rejecting the null is set to this nominal level. A good statistical
test should, on average, maintain this nominal level and produce a statistically significant result in no
more than 5% of all samples when the null hypothesis is actually true. Deviations from this nominal
level bias the statistical results and should be avoided.

The second key aspect of quality is statistical power. Power is the probability of detecting an
effect when it is present in reality. Statistical tests with low power are generally unhelpful for drawing
practical conclusions and should be avoided. In general, as long as alpha errors remain consistent, the
approach with the higher power is preferable. However, alpha error and power are related; liberal
tests tend to have higher power but do not maintain the nominal alpha error limit set by the researcher.
It is therefore advisable to first select an approach that is close to the nominal alpha error limit and then
assess its power. In the following paper, we will introduce a wide range of approaches available in
Stata for detecting interaction effects and conduct a comprehensive simulation study to evaluate both
alpha error and power. By doing so, we aim to provide practical recommendations on which approach
offers the highest statistical quality. Note that all these approaches are concerned with statistical
inference—i.e., whether one can generalize the findings from the sample to the broader population.

Note that this paper investigates the interaction effect of subgroups, meaning that each observation
in the dataset belongs to exactly one group. Related questions include how to compare regression
coefficients for the same individuals across different models (e.g., testing whether a logit or probit
model is more appropriate) or how to handle overlapping group comparisons. While some of the
methods introduced in this study may be applicable to these questions (particularly the Chow test
and Stata’s suest command), they are not the primary focus of this research. Therefore, the empirical
results presented here may not easily generalize to these related, yet distinct, research questions.

2. Continuous Dependent Variables

A continuous variable is a type of quantitative variable that can take on an infinite number of
values within a given range. These values can be any real number and can be measured with great
precision, depending on the level of measurement or the instrument used. Common examples include
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body weight or height, blood pressure, and precipitation per square meter in a month. Ideally, such a
variable is also normally distributed, which is not required but can enhance inference. In the following
examples, we make use of the NLSW dataset. We aim to test whether the effect of total labor market
experience on wages differs by place of residence (South vs. non-South). Subsequently, we introduce a
wide range of approaches to test this hypothesis empirically.

2.1. Pooled OLS

The most common approach to test for interactions is the inclusion of an interaction term in a
pooled OLS model. "Pooled" means that all subgroups are combined in a single dataset or analysis.
The empirical approach is as follows:

. sysuse nlsw88, clear
(NLSW, 1988 extract)

. regress wage c.ttl_exp##i.south

Source SS df MS Number of obs = 2,246
F(3, 2242) = 71.97

Model 6532.73517 3 2177.57839 Prob > F = 0.0000
Residual 67835.2322 2,242 30.256571 R-squared = 0.0878

Adj R-squared = 0.0866
Total 74367.9674 2,245 33.1260434 Root MSE = 5.5006

wage Coef. Std. Err. t P>|t| [95% Conf. Interval]

ttl_exp .3637078 .0325841 11.16 0.000 .2998096 .4276059
1.south -.4421199 .6845679 -0.65 0.518 -1.784573 .9003331

south#c.ttl_exp
1 -.0835548 .0513461 -1.63 0.104 -.1842458 .0171362

_cons 3.830952 .4369493 8.77 0.000 2.974084 4.687819

Here we utilize Stata’s notation to denote the interaction effect. The double pound sign specifies
the inclusion of both the main effects of the independent variables and the interaction effect. The
results show that total work experience is positively related to wages: increasing experience by one
year raises wages by 36 cents per hour. The main effect of living in the South is negative, indicating
that individuals in the South earn about 44 cents less than individuals in other regions, on average.
Finally, we observe the interaction effect, which is negative and amounts to about 8 cents. This means
that while individuals in other regions gain about 36 cents per year of work experience, this effect is
only 36 - 8 = 28 cents in the South. The conclusion is that, in this particular sample, the effect of work
experience on wages is smaller in the South than in other regions. However, this effect is statistically
insignificant, as the reported p-value (0.104) exceeds the nominal limit of 5%, which we adopt for
the rest of this paper by tradition (note that this is the sole reason for choosing this limit, and there
is no deeper justification for it). If one does not want to calculate the effects manually, which can be
challenging for more complex analyses with multiple groups, margins is a convenient alternative.

. margins, dydx(ttl_exp) by(south)

Average marginal effects Number of obs = 2,246
Model VCE : OLS

Expression : Linear prediction, predict()
dy/dx w.r.t. : ttl_exp
over : south

Delta-method
dy/dx Std. Err. t P>|t| [95% Conf. Interval]

ttl_exp
south

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2024 doi:10.20944/preprints202411.2187.v1

https://doi.org/10.20944/preprints202411.2187.v1


4 of 30

0 .3637078 .0325841 11.16 0.000 .2998096 .4276059
1 .280153 .0396825 7.06 0.000 .2023346 .3579713

As you can see, the results align with the manual computations. However, to test whether
these two reported results are statistically different from each other, margins is not required, as this
information is already conveyed by the interaction coefficient in the main OLS output. The OLS
approach is flexible and allows for the estimation of robust standard errors, which can be highly
relevant if heteroscedasticity is present. This means that the variances of the outcome variable
are unequal within groups. To specify the estimation with robust standard errors, add the option
vce(hc1) (which is equivalent to vce(robust)) or vce(hc3), which may be even better for addressing
heteroscedasticity.1

2.2. Chow Test

Sometimes, it is recommended to utilize the Chow test instead of using a pooled model. While
the pooled approach is convenient, one downside is that residual group variances are not explicitly
modeled. An alternative approach is to estimate separate regression models for each subgroup and
then use a Wald test to compare coefficients across models. The handling in Stata is as follows.

. eststo M0: regress wage ttl_exp if south == 0

Source SS df MS Number of obs = 1,304
F(1, 1302) = 113.94

Model 3769.75687 1 3769.75687 Prob > F = 0.0000
Residual 43078.7648 1,302 33.0866089 R-squared = 0.0805

Adj R-squared = 0.0798
Total 46848.5217 1,303 35.9543528 Root MSE = 5.7521

wage Coef. Std. Err. t P>|t| [95% Conf. Interval]

ttl_exp .3637078 .0340739 10.67 0.000 .296862 .4305536
_cons 3.830952 .4569275 8.38 0.000 2.934557 4.727346

. eststo M1: regress wage ttl_exp if south == 1

Source SS df MS Number of obs = 942
F(1, 940) = 57.26

Model 1508.03518 1 1508.03518 Prob > F = 0.0000
Residual 24756.4674 940 26.3366675 R-squared = 0.0574

Adj R-squared = 0.0564
Total 26264.5026 941 27.9112674 Root MSE = 5.1319

wage Coef. Std. Err. t P>|t| [95% Conf. Interval]

ttl_exp .280153 .0370229 7.57 0.000 .207496 .35281
_cons 3.388832 .4916603 6.89 0.000 2.423953 4.35371

. suest M0 M1, coeflegend

Simultaneous results for M0, M1

Number of obs = 2,246

Coef. Legend

M0_mean
ttl_exp .3637078 _b[M0_mean:ttl_exp]

_cons 3.830952 _b[M0_mean:_cons]

1 For more information on this topic refer to https://blog.stata.com/2022/10/06/heteroskedasticity-robust-standard-errors-
some-practical-considerations/
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M0_lnvar
_cons 3.499129 _b[M0_lnvar:_cons]

M1_mean
ttl_exp .280153 _b[M1_mean:ttl_exp]

_cons 3.388832 _b[M1_mean:_cons]

M1_lnvar
_cons 3.270962 _b[M1_lnvar:_cons]

. test _b[M0_mean:ttl_exp] = _b[M1_mean:ttl_exp]

( 1) [M0_mean]ttl_exp - [M1_mean]ttl_exp = 0

chi2( 1) = 3.86
Prob > chi2 = 0.0494

First, separate OLS regressions are estimated for each group, and the results are stored. Next,
suest is used to combine these stored results. The option coeflegend is convenient, as it helps us find
the correct name for the coefficients of interest. As you can already see from the regression output, the
point estimates are exactly the same as those from margins in the pooled model. Finally, we conduct
a Wald test to check whether the coefficients are statistically different from each other. Interestingly,
in this example, the p-value (0.049) is rather different from the pooled one (0.104). Since we have set
the nominal alpha level to 5%, we would conclude that experience works differently in the South
than in other regions, based on the Chow test. This finding underscores that the results from different
approaches do not necessarily lead to the same conclusions!

2.3. Structural Equation Modelling (SEM)

Especially in psychology, SEM is one of the most popular approaches to build models and test
complex hypotheses. While the general idea is similar to conducting a regression analysis, SEM is
more powerful as it enables researchers to include measurement models in their analysis and estimate
large models with many dependent variables in a single step. Since all variables in our dataset are
manifest and not latent, this model is typically described as a path model. We can use SEM for this
kind of analysis by utilizing the group option. By doing so, the model is estimated separately for each
group, and arbitrary constraints can be imposed. In this case, we do not impose any constraints but
simply test empirically whether the coefficients differ after estimation. The handling is as follows:

. sem (wage <- ttl_exp), group(south)

Endogenous variables

Observed: wage

Exogenous variables

Observed: ttl_exp

Fitting target model:

Iteration 0: log likelihood = -13625.195
Iteration 1: log likelihood = -13625.195

Structural equation model Number of obs = 2,246
Grouping variable = south Number of groups = 2
Estimation method = ml
Log likelihood = -13625.195

Group : 0 Number of obs = 1,304

OIM
Coef. Std. Err. z P>|z| [95% Conf. Interval]

Structural
wage

ttl_exp .3637078 .0340478 10.68 0.000 .2969754 .4304402
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_cons 3.830952 .456577 8.39 0.000 2.936077 4.725826

var(e.wage) 33.03586 1.293784 30.59497 35.67149

Group : 1 Number of obs = 942

OIM
Coef. Std. Err. z P>|z| [95% Conf. Interval]

Structural
wage

ttl_exp .280153 .0369835 7.58 0.000 .2076666 .3526394
_cons 3.388832 .4911381 6.90 0.000 2.426219 4.351445

var(e.wage) 26.28075 1.210953 24.01134 28.76465

LR test of model vs. saturated: chi2(0) = 0.00, Prob > chi2 = .

. estat ginvariant

Tests for group invariance of parameters

Wald Test Score Test
chi2 df p>chi2 chi2 df p>chi2

Structural
wage

ttl_exp 2.763 1 0.0965 . . .
_cons 0.435 1 0.5097 . . .

var(e.wage) 14.531 1 0.0001 . . .

First, the main model is estimated separately for both groups. Note that SEM uses a maximum-
likelihood approach, so point estimates might differ from those obtained using the OLS approach.
After this step, estat ginvariant tests for group invariance and performs a Wald test. The p-value
for the coefficient of interest is 0.0965. Keep in mind that the SEM approach with robust standard
errors is numerically equivalent to the Chow test.

2.4. Nonparametric Approaches

The methods discussed so far are usually described as parametric approaches since they rely
on certain assumptions, such as the normal distribution of sampling distributions. Nonparametric
approaches, on the other hand, largely abandon such assumptions. They typically rely on resampling,
reshuffling, or randomness to generate many new samples that are treated as if one had collected a
completely new sample from the population. In contrast to the other methods, where only a single
sample is available, this approach directly generates a sampling distribution for the statistics of interest.
For completeness, this section lists three common nonparametric methods in Stata. Keep in mind
that all these approaches rely only on the point estimate of interest, and no inference is required. If
the program allows it, skipping the computation of standard errors or related statistics can speed up
runtimes. For a general introduction to nonparametric methods in Stata, refer to [1].

2.4.1. Bootstrapping

Bootstrapping involves repeated sampling with replacement from the original data to create
new samples. When this step is repeated many times (e.g., 500 times or more), one can compute the
statistic of interest for each sample to generate a bootstrap distribution. While this approach can be
computationally intensive, it is conceptually simple and works for any statistic of interest. In our
case, we can apply the bootstrap method as a nonparametric way to determine the p-value of the
interaction term. Specifically, the pooled regression is estimated for all bootstrap samples, and the
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standard deviation of the resulting bootstrap distribution serves as the standard error, which is then
used to compute the p-value. Performing this in Stata is simple.

. regress wage c.ttl_exp##i.south, vce(bootstrap, nodots reps(5000) seed(123))

Linear regression Number of obs = 2,246
Replications = 5,000
Wald chi2(3) = 272.73
Prob > chi2 = 0.0000
R-squared = 0.0878
Adj R-squared = 0.0866
Root MSE = 5.5006

Observed Bootstrap Normal-based
wage Coef. Std. Err. z P>|z| [95% Conf. Interval]

ttl_exp .3637078 .0320165 11.36 0.000 .3009566 .4264589
1.south -.4421199 .5406135 -0.82 0.413 -1.501703 .617463

south#c.ttl_exp
1 -.0835548 .0424205 -1.97 0.049 -.1666975 -.0004121

_cons 3.830952 .4089964 9.37 0.000 3.029333 4.63257

. estat bootstrap, bc

Linear regression Number of obs = 2,246
Replications = 5000

Observed Bootstrap
wage Coef. Bias Std. Err. [95% Conf. Interval]

ttl_exp .36370778 -.0000314 .03201648 .3037455 .4303476 (BC)
0b.south 0 0 0 . . (BC)
1.south -.44211995 .0047661 .54061346 -1.525523 .5887875 (BC)

0b.south#c~p 0 0 0 . . (BC)
1.south#c.~p -.0835548 .0002224 .04242054 -.1686158 -.0010507 (BC)

_cons 3.8309516 -.0025399 .40899636 3.032818 4.630121 (BC)

(BC) bias-corrected confidence interval

Bootstrapping and other nonparametric approaches are already strongly integrated into Stata,
so using them is simple. We specify the pooled OLS model as before but instruct Stata to estimate
bootstrapped standard errors using the vce option. We want 5,000 resamples and set a seed to ensure
that our results are reproducible. The postestimation command estat bootstrap also provides the
bootstrap bias and advanced bootstrap confidence intervals. The bootstrap p-value is 0.049, which is
much lower than the regular p-value from the OLS approach. The bootstrap bias of the coefficient is
very small (0.0002224). As a rule of thumb, the bootstrap bias should be at most 25% of the bootstrap
standard error. If this rule is violated, the number of resamples should be increased, or an alternative
approach should be considered. Regarding the number of resamples, more is always better. While 500
might be sufficient for a quick inspection of the outcome, some papers recommend 15,000 resamples
for more precise results. More resamples are always better, but keep in mind that computational times
can be much longer, as the regression estimation must be carried out for each resample. If time is a
critical factor, abandoning regress can be helpful. One alternative is to compute the interaction effect
manually and use the user-written program asreg, which is much faster.2 Note that this requires
writing your own helper program. An alternative to bootstrapping is the wild cluster bootstrap

2 https://econpapers.repec.org/software/bocbocode/s458339.htm
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approach implemented in boottest, which is usually substantially faster than regular bootstrapping
[2].

2.4.2. Jackknife

The jackknife approach is similar to bootstrapping but does not rely on random draws from the
sample. Instead, it follows a systematic approach by always leaving one observation out. This means
that the number of required models to estimate is always as large as the pooled sample size. By doing
this, a large set of jackknife resamples is created, which is then processed similarly to the bootstrap
approach to generate p-values and confidence intervals. The usage is analogous.

. regress wage c.ttl_exp##i.south, vce(jackknife, nodots)

Linear regression Number of obs = 2,246
Replications = 2,246
F( 3, 2245) = 91.90
Prob > F = 0.0000
R-squared = 0.0878
Adj R-squared = 0.0866
Root MSE = 5.5006

Jackknife
wage Coef. Std. Err. t P>|t| [95% Conf. Interval]

ttl_exp .3637078 .0323272 11.25 0.000 .3003134 .4271021
1.south -.4421199 .5438815 -0.81 0.416 -1.508683 .6244432

south#c.ttl_exp
1 -.0835548 .0426371 -1.96 0.050 -.1671672 .0000575

_cons 3.830952 .4126112 9.28 0.000 3.021812 4.640091

Note that this approach does not require the user to specify a random seed or the number of
resamples as this is not necessary. The generated p-value (0.050) is similar to the bootstrap p-value.

2.4.3. Permutation Tests

The logic behind the permutation test is to randomly assign group membership and observe how
this affects the outcome. By doing so, the permutation test analyzes how strong the results would
be, on average, if the grouping were completely random and no longer associated with the outcome.
This requires specifying how many random assignments should be tested. The approach generates a
p-value, which is simply the ratio of random permutations where the outcome statistic is at least as
large as the observed one, divided by the total number of permutations. Note that this approach is
usually less flexible, as it only works with binary groups. It works with regress but requires a short
helper program, as it cannot directly access the saved coefficient from regress. Therefore, we write
a program where the coefficient of interest is written to a scalar, and this scalar is then returned to
permute. It works as follows:

. cap program drop reghelper

. program define reghelper, rclass
1. regress wage c.ttl_exp##i.south
2. return scalar inter = r(table)[1,5]
3. end

.

. permute south res=r(inter), reps(5000) seed(123) nodots: reghelper

Monte Carlo permutation results Number of observations = 2,246
Number of permutations = 5,000

command: reghelper
res: r(inter)

permute var: south
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Monte Carlo error

T T(obs) Test c n p SE(p) [95% CI(p)]

res -.0835548 lower 162 5000 .0324 .0025 .0277 .0377
upper 4838 5000 .9676 .0025 .9623 .9723

two-sided .0648 .0035 .0580 .0716

Note: For lower one-sided test, c = #{T <= T(obs)} and p = p_lower = c/n.
Note: For upper one-sided test, c = #{T >= T(obs)} and p = p_upper = c/n.
Note: For two-sided test, p = 2*min(p_lower, p_upper); SE and CI approximate.

The first line ensures that any earlier versions of the helper program are removed from memory.
Then, we define the program as r-class and name it reghelper. It simply computes the pooled model
and returns the statistic of interest from the saved matrix. The value we want to return is the point
estimate for the interaction coefficient. To locate the desired value for your own models, try matrix
list r(table). If this is a different statistic, such as R-squared, use return list or ereturn list.
After defining this program, you can test it. Then it must be fed into permute. The results show that
the two-sided p-value is 0.0648. Again, the computation might be faster when using asreg instead of
regress.

2.5. Overview

Without claiming to be exhaustive, we have outlined a wide range of options to investigate
interaction effects using Stata. The main results are briefly summarized in the Table 1.

Pooled OLS Chow SEM Bootstrap Jackknife Permutation

P-value Yes Yes Yes Yes Yes Yes
SE/CI Yes Yes Yes
Robustness HC1 / HC3 HCc

1
Missing data MICE FIMLa (MICE)
Runtimeb 1 3.6 3.3 755 492 329

Table 1. Overview of all methods for continuous outcome variables.

a Only works if there are no missing values on the group variable.b Computed for a sample size of 1,000 using asreg to speed up the nonparametric methods. 1,000
bootstrap/permutation resamples. OLS normed to be 1 (100%).c The robust SEM approach is numerically equivalent to the Chow test.

All methods will produce a p-value that can be used for inference. However, p-values are
somewhat problematic, and their usage is no longer strongly encouraged. A better alternative to
judge the effect size is confidence intervals, although these are only available for some of the proposed
methods. If heteroscedasticity is present, some approaches allow for the computation of robust
standard errors. HC3 is potentially the most robust option but is only available for the pooled OLS
model. Missing data, a common problem in empirical research, can be handled most conveniently
using multiple imputation with chained equations (MICE). The pooled OLS approach can be easily
estimated with imputed data. While all other approaches can also work with imputed data, this
always requires custom programs. Additionally, keep in mind that for many approaches, the statistical
validity of these custom methods is not firmly established. To combine bootstrapping with multiple
imputation, refer to [3]. Another alternative is full-information maximum likelihood with SEM using
the option method(mlmv). However, note that this only works for missing values in the treatment or
dependent variable, but not in the group variable. Finally, runtime can be an important consideration
for large datasets or repeated estimations. While most approaches are relatively fast, nonparametric
methods take much more time, as the same command needs to be estimated multiple times.
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3. Binary Dependent Variables

In the real world, many variables are binary by nature and can only take the values 0 or 1. The
classical approach to analyze such variables is logit or probit regression. However, in recent years,
using OLS and estimating linear probability models (LPM) for these binary variables has gained much
popularity. Another option is to rescale logits or odds ratios to average marginal effects (AMEs).
Note that for all of the following analyses, the research question is adapted, as we now need a binary
outcome variable. Specifically, we ask: Does the effect that age exerts on never having been married
differ between individuals living in the south or not?

3.1. Logit and Probit Regression

Logit and probit regressions are similar in that their main function is to model binary dependent
variables. The main difference between the two models lies in their link function. In logit regression,
the link function is the logistic function, whereas in probit regression, it is the cumulative distribution
function of the standard normal distribution. While this might seem to be a rather drastic difference,
both types of regressions are widely used, and their performance is generally considered to be similar.
The primary difference is in the interpretation of the coefficients. In logit regression, the coefficients
are either reported as logits (log odds) or odds ratios, while probit regression assumes the existence
of a latent, continuous variable that determines the outcome of the binary manifest variable. The
interpretation of probit coefficients is then expressed in terms of z-scores on this assumed continuous
variable.

In our case, the interpretation of the coefficients is of less relevance, as we are mainly interested in
p-values, which should be very similar across the two models. Below is the handling of both models.

. logit never_married c.age##i.south

Iteration 0: log likelihood = -750.57436
Iteration 1: log likelihood = -744.42314
Iteration 2: log likelihood = -744.34748
Iteration 3: log likelihood = -744.34747

Logistic regression Number of obs = 2,246
LR chi2(3) = 12.45
Prob > chi2 = 0.0060

Log likelihood = -744.34747 Pseudo R2 = 0.0083

never_married Coef. Std. Err. z P>|z| [95% Conf. Interval]

age -.0883768 .0305332 -2.89 0.004 -.1482208 -.0285327
1.south -1.385531 1.837926 -0.75 0.451 -4.987799 2.216737

south#c.age
1 .0317185 .0474101 0.67 0.503 -.0612035 .1246406

_cons 1.345021 1.179641 1.14 0.254 -.9670334 3.657075

. probit never_married c.age##i.south

Iteration 0: log likelihood = -750.57436
Iteration 1: log likelihood = -744.35958
Iteration 2: log likelihood = -744.34411
Iteration 3: log likelihood = -744.34411

Probit regression Number of obs = 2,246
LR chi2(3) = 12.46
Prob > chi2 = 0.0060

Log likelihood = -744.34411 Pseudo R2 = 0.0083

never_married Coef. Std. Err. z P>|z| [95% Conf. Interval]

age -.0459001 .0157315 -2.92 0.004 -.0767334 -.0150669
1.south -.7509185 .9400384 -0.80 0.424 -2.59336 1.091523
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south#c.age
1 .0172607 .0241376 0.72 0.475 -.0300482 .0645695

_cons .5603951 .6111436 0.92 0.359 -.6374243 1.758215

In general, interpreting logits/odds ratios or z-scores of these binary outcome models is rather
unintuitive. A common suggestion is to interpret only the sign of the coefficients and nothing more.
However, as you can see, while the coefficients differ considerably between the two models, the
p-values are highly similar. As a result, there appears to be no statistically significant interaction effect
present.

3.2. Average Marginal Effects (AMEs)

To address these potential downsides of the logit and probit models, Average Marginal Effects
(AMEs) have been proposed as a solution, and they have become highly popular in recent years [4].
AMEs facilitate a more intuitive interpretation, as they express changes in probabilities. While AMEs
cannot be computed directly for interaction terms, one can compute average marginal effects for both
groups of interest and then compare them. Below, we demonstrate the handling of AMEs based on the
logit model (though the approach also works with probit, with only marginal differences).

. quietly logit never_married c.age##i.south

. margins, dydx(age) by(south)

Average marginal effects Number of obs = 2,246
Model VCE : OIM

Expression : Pr(never_married), predict()
dy/dx w.r.t. : age
over : south

Delta-method
dy/dx Std. Err. z P>|z| [95% Conf. Interval]

age
south

0 -.0086246 .0029999 -2.87 0.004 -.0145044 -.0027449
1 -.0048832 .0031402 -1.56 0.120 -.011038 .0012716

. margins, dydx(age) by(south) pwcompare(pveffects)

Pairwise comparisons of average marginal effects

Model VCE : OIM Number of obs = 2,246

Expression : Pr(never_married), predict()
dy/dx w.r.t. : age
over : south

Contrast Delta-method Unadjusted
dy/dx Std. Err. z P>|z|

age
south

1 vs 0 .0037414 .0043429 0.86 0.389

After estimating the logit model, we use margins to compute the AMEs. The option dydx()
specifies the variable those effect we are interested in, in our case it is age. With by() we specify that
this effect should be computed separately for individuals from the south and other regions. The results
are shown below. The effect is -.0048832 in the south and -.0086246 in other regions. This means that
when age increases by one year in the south, the probability to have never been married decreases
by about 0.488 percentage points. Apparently, the effect is weaker in the south than in other regions.
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But is this difference statistically significant? To check this, the option pwcompare() can be used. It not
only computes the difference between the two AMEs but also provides a p-value (0.389). Therefore, no
statistically significant difference can be assumed based on these results.

For completeness, it should be made clear that there is also a second approach / syntax that could
be used. What margins does using the by(groupvar) syntax as shown above is to factually split the
sample and compute the AME for each subgroup separately. One can replicate this result by running
two separate models (similar to the Chow test). An alternative is to use this command: margins
south, dydx(age). What happens internally is that Stata computes a "what if" scenario. Regardless of
the factual group membership, Stata first plugs in value 0 for group membership for each observation
and computes the AME and then plugs in 1 and computes the AME again. The result then shows,
what would the AME be if every observation is treated as a counterfactual. We believe that for the
current demonstration and research question, this is not ideal. The following simulation results might
differ if using the different syntax. Users should be aware of this difference and decide what fits their
own needs best.

3.3. Linear Probability Model (LPM)

While it was shunned a few years ago, simply estimating an OLS regression model with a binary
dependent variable has gained much popularity. Although some aspects of the OLS model are clearly
violated with this approach, the general success, flexibility, and ease of interpretation have supported
the usage of the LPM. The main benefit is that no transformations need to be applied, and the reported
OLS regression coefficients can be directly interpreted as changes in probabilities.

. regress never_married c.age##i.south

Source SS df MS Number of obs = 2,246
F(3, 2242) = 4.18

Model 1.16625934 3 .388753113 Prob > F = 0.0058
Residual 208.4544 2,242 .092976985 R-squared = 0.0056

Adj R-squared = 0.0042
Total 209.620659 2,245 .093372231 Root MSE = .30492

never_marr~d Coef. Std. Err. t P>|t| [95% Conf. Interval]

age -.0083769 .0027987 -2.99 0.003 -.0138652 -.0028885
1.south -.1541009 .1666235 -0.92 0.355 -.4808533 .1726516

south#c.age
1 .0035626 .004242 0.84 0.401 -.004756 .0118811

_cons .4382583 .1098524 3.99 0.000 .2228351 .6536814

For example, for individuals from regions other than the South, the effect of being one year older
is -0.0083769, or -0.84 percentage points. The interaction effect is statistically not significant. Especially
in these LPMs, using robust standard errors appears to be highly relevant, as the assumption of
homoscedasticity is always violated.

3.4. Chow Test

Estimating separate models works for logit, probit, and regress. The application of the test is
identical to that for continuous dependent variables; hence, no extra example is provided. As it turns
out, the logit regression with robust standard errors is equivalent to the (logit) Chow test and probit
regression with robust standard errors is equivalent to the (probit) Chow test.

3.5. Overview

A brief summary of the five methods is shown (Table 2). Fortunately, almost all methods not only
produce p-values but also provide confidence intervals for deeper insight. Most methods work with
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imputed data (although AMEs require a user-written ado for this purpose).3 Most methods support
some form of robust standard errors, which are particularly relevant in the LPM. The runtimes are
somewhat similar, with the AME and Chow approaches taking longer.

Logit Probit AME LPM Chow

P-value Yes Yes Yes Yes Yes
SE/CI Yes Yes Yes Yes
Robustness HCb

1 HCc
1 HC1 HC1/HC3

Missing data MICE MICE (MICE) MICE
Runtimea 3.2 2.9 9.8 1 6.6

Table 2. Overview of all methods for continuous outcome variables.

a Computed for a sample size of 1,000. LPM normed to be 1 (100%).b The robust logit results are numerically equivalent to the logit Chow test.c The robust probit results are numerically equivalent to the probit Chow test.

4. Simulation Study

To test how the various methods for detecting interaction effects perform, simulation studies can
be used. In a simulation study, custom datasets are generated based on random data with known
distributions and parameters. By utilizing the various methods, one can test which method is closest
to the target limit. Since many datasets are simulated, inference is possible. This approach has multiple
advantages: one can design a dataset with very specific properties and systematically vary various
parameters (such as the sample size). Since each method is tested with the same dataset, the ceteris
paribus assumption is perfectly valid, which supports a fair comparison. In the simulation study, we
focus on two important aspects of statistical quality: alpha error and statistical power. Both aspects
have already been introduced.

4.1. Continuous Outcome Variables

We start by defining how the outcome variable y is generated. We have one continuous ex-
planatory variable (the "treatment") and one binary explanatory variable (group membership). In the
simulation, the null hypothesis is enforced, meaning there is no interaction effect, and the effect of x on
the outcome is identical for both groups. This is easy to specify. However, we also want to introduce
some degree of heteroscedasticity, as this is a common problem in applied statistics, and good methods
should be able to account for it. For clarity, separate equations are provided by group (A and B).

yA = β0 + β1 · x · λA + ϵ (1)

yB = β0 + β1 · x · λB + ϵ (2)

with x ∼ N(0, 1) and ϵ ∼ N(0, 1). For convenience, we set β0 to 0, which means that there is no
main effect of the group. β1 is set to 1. However, since β1 is identical in both groups, the effect is the
same, and thus no interaction effect is present, which enforces the null hypothesis. The main difference
between the two equations is λ, where λA ∼ N(1, 0.1) and λB ∼ N(1, 0.1γ). Here, γ is a factor we can
vary.

As γ increases, the heteroscedasticity becomes more pronounced in group B compared to group
A. Specifically, when γ is greater than one, the variance of the outcome in group B exceeds that in
group A, creating a scenario of heteroscedasticity. The values for γ are chosen as 1, 1.5, and 3, repre-
senting conditions of homoscedasticity, mild heteroscedasticity, and more severe heteroscedasticity,

3 Use mimrgns by Daniel Klein (https://ideas.repec.org/c/boc/bocode/s457795.html)
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respectively. The sample size is set to either 60, 200, or 1,000, which leads to a 3x3 design with a total of
9 simulation conditions. For each condition, 25,000 simulations are conducted to ensure a high degree
of precision. For the bootstrap and permutation tests, we specify 1,000 resamples each. If possible, all
methods are also estimated using the most conservative standard error approach (i.e., HC1 for SEM
and HC3 for OLS).

In terms of the statistic of interest, we analyze p-values. As described above, all methods yield a
p-value; this is the statistic common to all approaches. Since the null hypothesis is true by the design
of the study, we expect the p-values to be uniformly distributed. Conventionally, a p-value smaller
than 0.05 is regarded as "significant". If a method is accurate and the p-values are indeed uniformly
distributed, we expect that about 5% of the results will fall below this threshold. If this is not the
case, the method may be either too liberal or too conservative, which would be undesirable. Hence,
the dependent variable of the analysis is binary. We compute logistic regression models and report
average marginal effects (predicted probabilities) to compare the different methods.

The second part of the simulation focuses on statistical power. For this phase, we modify the
data-generating process. We set β1 to a value drawn from a uniform distribution between 1 and 1.5 in
group B. This means that in this second part of the simulation, a true effect is present in the second
group. As a result, the methods should be able to detect this difference and produce statistically
significant p-values. Everything else remains the same as in the first setup. In this second part, 15,000
simulations are conducted, as fewer replications are required to achieve the same degree of precision
(which has been empirically verified).

4.2. Binary Outcome Variables

The simulation is repeated for binary outcome variables, which requires a different data generation
process.

y =

{
0 if f (x + ϵ) ≥ ϕ

1 if f (x + ϵ) < ϕ
(3)

Since the outcome variable is binary, it can only take values 0 or 1. In Equation 3, f (.) represents
the cumulative logistic distribution function, which has a mean of 0 and a standard deviation of
(π/

√
3). The term ϵ is drawn from a normal distribution with a mean of 0 and a standard deviation

of 1. The cutoff value, ϕ, is systematically varied. When ϕ = 0.50, the binary variable has a mean of
0.50 (i.e., a balanced outcome). By varying ϕ to values other than 0.50, we induce imbalance in the
outcome variable. As the imbalance increases, the data structure changes, making the estimation more
challenging. Specifically, the larger the imbalance between the two outcomes, the greater the required
sample size to estimate effects precisely, as the "event" becomes rarer. This is especially critical when
many independent variables are included in the model, as a larger sample size is needed to achieve
accurate results in the presence of an imbalanced outcome.

We specify three values for ϕ: 0.50, 0.65, and 0.80.4 Larger imbalances introduce additional
challenges, such as the potential overfitting of predictors, especially those that are more strongly
associated with the more common outcome. Standard errors also tend to increase with greater
imbalance, which can adversely affect inference. The total sample size is set to either 100, 500, or 1,000.
These sample sizes are chosen to account for the challenges posed by imbalanced data. As there is no
true heteroscedasticity in logistic regression (this is "baked in" by the link function), there is no need to
account for heteroscedasticity in the data generation process. For binary outcome variables, the most
critical factors to model are the sample size and the imbalance between the two outcomes.

4 Our tests have shown that when the imbalance becomes even larger, some models with small sample sizes fail to converge,
yielding no results.
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In total, 9 simulation conditions are tested. The data generation process is identical for both
groups, so the null hypothesis holds true by design. We conduct 25,000 simulations per condition to
evaluate the alpha error. All methods are estimated using both normal and robust standard errors
(for the Linear Probability Model (LPM), this means HC3). Since the Chow test is applicable to all
approaches except for AMEs, it is included in the testing. Note that nonparametric approaches are not
tested for the binary outcome variable. This is because there are already many parametric approaches
available for testing, and binary outcome models take longer to compute than continuous outcome
models, making resampling methods less efficient for this context.

For the power simulations, the data generation process is adapted as follows:

yB =

{
0 if f (βB · x + ϵ) ≥ ϕ

1 if f (βB · x + ϵ) < ϕ
(4)

In group B, we introduce a true effect by adding the term βB to differentiate the two groups. The
value of βB is drawn from a uniform distribution between 1 and 2. For the power simulation, 15,000
replications are conducted per scenario.

5. Simulation Results

5.1. Continuous Outcome Simulation

5.1.1. Alpha Error

We begin by reporting the results for the alpha error, grouped by sample size. For ease of
interpretation, we provide figures with 95% confidence intervals. Numerical results can be found in
the appendix (Tables 3 and 4).
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Figure 2. Probability of obtaining a p-value smaller than 0.05 by method. Total N = 60, 25,000
simulations per condition. 95% confidence intervals included.

For the small sample size of 60 (Figure 2), when no group heteroscedasticity is present, the regular
OLS approach and the permutation approach are closest to the target value of 0.05. The Chow test
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and SEM approach, however, show the largest deviations, as both methods are much too liberal.
When heteroscedasticity is introduced, the results remain similar, but the OLS approach with regular
standard errors becomes too liberal as heteroscedasticity increases. To summarize, in small samples,
the OLS and permutation approaches appear to be the most robust in terms of controlling alpha error.
We now turn to the results for the intermediate sample size of 200 (Figure 3).
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Figure 3. Probability of obtaining a p-value smaller than 0.05 by method. Total N = 200, 25,000
simulations per condition. 95% confidence intervals included.

In this case, the OLS approach with robust (HC3) standard errors is consistently close to the target
limit. The jackknife method also performs well but is computationally more intensive. Some methods,
once again, are too liberal. We conclude the alpha error analysis with the large sample size of 1,000
(Figure 4).
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Figure 4. Probability of obtaining a p-value smaller than 0.05 by method. Total N = 1, 000, 25,000
simulations per condition. 95% confidence intervals included.

For the large sample size, OLS with robust standard errors continues to be a prudent choice. The
permutation approach and the jackknife also perform well. Interestingly, even with a large sample, the
SEM approach deviates from the target as heteroscedasticity increases.

5.1.2. Statistical Power

It is important to note that more power does not always equate to better performance. Methods
that are too liberal and produce statistically significant results more frequently typically show higher
power, but this power comes at the cost of an incorrect alpha level. To ensure a fair comparison,
we only compare methods that achieve similar alpha error rates. The results for the small sample
simulation are shown in Figure 5.
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Figure 5. Probability of producing a p-value smaller than 0.05 in the presence of a true group difference.
Total N = 60, 15,000 simulations per condition. 95% confidence intervals included.

Since only the OLS approach and the permutation test exhibit acceptable nominal alpha lev-
els, these two methods are compared. The statistical power is slightly larger for OLS than for the
permutation approach. The results for the intermediate sample size are shown in Figure 6.
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Figure 6. Probability of producing a p-value smaller than 0.05 in the presence of a true group difference.
Total N = 200, 15,000 simulations per condition. 95% confidence intervals included.
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For this sample size, the best results in terms of alpha error were obtained with OLS with robust
standard errors and the jackknife. In terms of power, the two approaches are highly similar. Finally,
the results for the large sample size are shown in Figure 7.
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Figure 7. Probability of producing a p-value smaller than 0.05 in the presence of a true group difference.
Total N = 1, 000, 15,000 simulations per condition. 95% confidence intervals included.

With this large sample size, the power results are nearly identical for all methods.

5.1.3. Summary

The previous analyses focused on alpha and power individually, but to draw final conclusions, it
is important to consider both. Which methods approach the nominal alpha value while maintaining
good power? To answer this, we generated scatterplots of alpha vs. power by sample size. The results
for gamma are merged, as presenting them separately would require additional space. The findings
are displayed in Figure 8, which makes it easier to identify the best approaches. For example, when
the sample size is small, both OLS and the permutation approach are close to the nominal limit of 0.05.
However, the statistical power of OLS is higher, suggesting that OLS should be preferred overall.
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Figure 8. The x-axis shows the probability of obtaining a p-value smaller than 0.05 in simulations
without a true effect, while the y-axis displays the power in simulations with a true effect. Note that
the Chow test is numerically identical to the robust SEM approach and is not shown.

5.2. Binary Outcome Simulation

5.2.1. Alpha Error

We begin with the results for the small sample size (N = 100) in Figure 9 (numerical results are
shown in the appendix, Tables 5 and 6). The two methods closest to the nominal 5% alpha limit are the
logit regression with robust standard errors and the linear probability model (LPM) with robust (HC3)
standard errors. When the groups are strongly unbalanced, some methods show severe deviations
from the target, especially when using average marginal effects (AMEs). However, for the methods
that perform well, robust standard errors appear to be necessary, as deviations are also strong without
them.
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Figure 9. Probability of obtaining a p-value smaller than 0.05 by method. Total N = 100, 25,000
simulations per condition (the realized N is slightly lower due to non-convergence in the small
sample/high imbalance condition; 24,872 successful simulations). Confidence intervals are not shown
because they are very narrow.

Next, we consider the intermediate sample size (N = 500), shown in Figure 10. As expected, all
methods perform better with larger sample sizes, but logistic regression with robust standard errors
and the LPM with robust standard errors remain the best performers. Probit models also produce
good results.
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Figure 10. Probability of obtaining a p-value smaller than 0.05 by method. Total N = 500, 25,000
simulations per condition. Confidence intervals are not shown because they are very narrow.

We conclude the alpha error results with the large sample size (N = 1000) condition, shown in
Figure 11. As with the intermediate sample size, the results remain largely the same, with logistic
regression and LPM with robust standard errors continuing to outperform other methods.
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Figure 11. Probability of obtaining a p-value smaller than 0.05 by method. Total N = 1000, 25,000
simulations per condition. Confidence intervals are not shown because they are very narrow.
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5.2.2. Statistical Power

We now turn to the results for statistical power. The results for the small sample size are shown in
Figure 12, for the intermediate sample size in Figure 13, and for the large sample size in Figure 14. As
it becomes rather difficult to judge which method has the best power under control of the empirically
reached alpha error, we directly turn to a scatterplot analysis in the following section.
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Figure 12. Probability of obtaining a p-value smaller than 0.05 in the presence of a true group difference.
Total N = 100, 15,000 simulations per condition. Confidence intervals are not shown because they are
very narrow.
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Figure 13. Probability of obtaining a p-value smaller than 0.05 in the presence of a true group difference.
Total N = 500, 15,000 simulations per condition. Confidence intervals are not shown because they are
very narrow.
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Figure 14. Probability of obtaining a p-value smaller than 0.05 in the presence of a true group difference.
Total N = 1000, 15,000 simulations per condition. Confidence intervals are not shown because they are
very narrow.
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5.2.3. Summary

The previous analyses focused on alpha and power individually, but to make a final assessment, it
is important to consider both together. Which method controls the nominal alpha error while providing
good power? To address this, we generated scatterplots of alpha vs. power by sample size. Results for
the different ϕ values are merged to save space. The findings are shown in Figure 15, which makes it
easier to identify the best-performing methods.

For example, when the sample size is small, we see that both the robust logit and robust LPM
approaches are close to the nominal alpha limit of 0.05. However, the logit model provides more power.
For the larger sample sizes, most approaches achieve good control of alpha, but power differences
remain. The probit and robust logit models appear to yield the largest power.
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Figure 15. The x-axis shows the probability of obtaining a p-value smaller than 0.05 in simulations
without a true effect, and the y-axis shows the power in simulations with a true effect. Note that the
logit Chow test is numerically identical to the robust logit, and the probit Chow test is equivalent to the
robust probit.
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6. Discussion

As shown by the results of the simulation study, the method chosen to detect interaction effects
can significantly influence the outcomes of statistical analyses. Some methods are overly liberal in
terms of alpha error, meaning they produce p-values that are consistently too small. This leads to the
incorrect rejection of the null hypothesis and results in false positives, where researchers may conclude
a significant effect exists when, in reality, there is none. On the other hand, overly conservative
methods may fail to detect true effects, resulting in false negatives. Both types of errors can have
severe consequences for research conclusions, but our study provides guidance for selecting the most
appropriate method. Ideally, a method should maintain an alpha error rate close to the nominal
level. If this is not achievable, researchers must weigh which type of error (type I or type II) is more
problematic for their specific analysis, and choose a method accordingly. Factors such as sample size
and the presence of heteroscedasticity should also be considered in making this decision.

In terms of statistical power, higher power is generally preferred, as long as it does not compromise
alpha error. As demonstrated in Figures 8 and 15, power and alpha error tend to be positively
correlated—methods that exhibit a larger alpha error often yield greater power. While this correlation
makes sense, it highlights the importance of balancing both aspects in any analysis. Researchers should
be cautious when aiming for higher power, as it may come at the cost of control over type I error. It is
crucial to remember that the goal of empirical research should not be to merely "hunt" for statistically
significant results, but to provide robust, reliable conclusions based on sound statistical practice.

Finally, it is relevant to make the limitations of this study transparent. This paper has aimed to list
and test the most common approaches for detecting interaction effects in Stata, but it does not claim to
be exhaustive. There may be additional methods or approaches, including user-written commands,
that have not been considered (except where mentioned as auxiliary tools). We acknowledge that
nonparametric approaches, while not tested here for binary outcomes, could be used as effectively as
they are for continuous dependent variables. If researchers wish to explore nonparametric methods,
adapting the continuous-variable examples is straightforward.

Furthermore, the simulation study was designed to reflect a range of "realistic" scenarios that
researchers might encounter in practice, but this selection of scenarios was necessarily limited. For
instance, some researchers may face even smaller sample sizes than the minimum of 60 or 100 used
in this study. These numbers were chosen as reasonable lower bounds to ensure robust statistical
analysis. While some may argue that as few as 5 or 10 cases per group could suffice for valid statistical
conclusions, we believe that a minimum of 30 cases per group is a more practical lower threshold. This
is in line with common statistical conventions that recommend at least 30 observations for reliable
inference [5], where the central limit theorem sets in.

The disturbance factors chosen for the simulations, such as heteroscedasticity and imbalanced
binary outcomes, were intended to reflect moderate cases of imbalance. Some might suggest that
even more extreme scenarios should have been tested, which is a valid point. However, due to
space constraints in the paper, it was not feasible to cover all potential variations. Researchers are
encouraged to repeat these simulations with different specifications that better match their specific
data and research needs. This process, known as calibration, can help tailor simulations to particular
research contexts and provide more precise insights.

Another limitation of the study is that it only investigated a single p-value cutoff (0.05), which is
widely used in statistical inference. However, researchers often use other significance thresholds (e.g.,
0.01 or 0.001). While these alternative cutoffs might yield different results, they would also require
more replications due to the need for examining the extreme tails of the distribution, thus making the
simulation studies more computationally intensive.

Keep in mind that this study assumes equal group sizes, which is a common assumption in
many statistical models. However, real-world data often involves unequal group sizes. Investigating
methods with unequal group sizes may yield different results and is an area for future research.
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Finally, there is a highly relevant point that should be considered. This paper has only discussed
p-values as a statistical tool to differentiate between "statistically significant" and "statistically insignif-
icant" with an arbitrary cutoff value of 0.05. We would like to underscore that in applied research,
such binary conclusions do more harm than good and should be avoided. In recent years, a shift has
emerged that has rightly criticized this handling of data and statistical conclusions. Better and more
nuanced methods to analyze and judge data are not only required but also already available. In this
paper, we have chosen this rather traditional way of analysis because it is simpler and more practical
for conducting simulations to judge whether a result is "true" and aligns with a hypothesis. Some
methods, such as permutation tests or the Chow test, also only provide a p-value and nothing more,
which highlights the limitations of such methods. Therefore, p-values were the only way to compare
all methods in this study. We strongly urge researchers to look beyond p-values in their own analyses.
While many novel approaches are available, Stata also offers several alternatives. For example, many
methods provide confidence intervals or standard errors (which can be used to compute confidence
intervals). Other measurements of effect sizes are also available. For example, OLS models support
estat esize to compute effect sizes, which provide much more informative results than p-values
alone. It is also important to note that this paper only studied statistical inference and not whether the
point estimates themselves are sensible or correct.

To expand even more on this topic, even such single-statistic judgments of interaction effects
might be insufficient. This is especially true for binary outcome variables, where nonlinear effects
are almost always present. In such cases, using predicted values and graphs is a powerful option
to understand in much more detail the dynamics of effects between groups. We provide a concrete
example and compare two models: a Linear Probability Model (LPM) and a logistic regression model.
In this case, inference is not the main focus, and confidence bands are not even shown to keep the
figures simple. However, it becomes clear that conclusions can change, depending on the type of
model specification. The results are shown in Figure 16, where the blood lead concentration (log) is the
only explanatory variable.
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Figure 16. While logit picks up nonlinear effects automatically, regress does not. In both cases,
having a better modeling approach with higher-order terms improves the prediction.

On the left-hand side of the graph, logit and regress are compared, where lead is the only
predictor in the model. It becomes clear that logit picks up some nonlinear trend, while regress
does not. Whenever we see perfectly linear trends, we should be alerted, as in reality, at least subtle
nonlinearities are often present. To test this empirically, we can add a higher-order term explicitly
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to the models.5 The results, after doing this, are shown on the right-hand side. In the logit model,
the nonlinear trends are now even more pronounced, while in the regress model, these trends also
appear. Apparently, the models on the right-hand side are much better for understanding what is
actually going on in the data.

Therefore, keep in mind that not only the general approach is relevant, but also building a good
statistical model that is properly visualized. The graphs, conveniently created with margins, provide
much more insight than simple regression tables ever could 6.

7. Conclusion and Recommendation

When the effect a treatment exerts on the outcome differs by group, there are many options to
investigate this using Stata. As the empirical part of this paper has demonstrated, some are better
than others. When the outcome variable is continuous, an OLS regression model with an interaction
term and robust (HC3) standard errors is probably the most prudent choice, unless the sample size is
very small (total N smaller than 200). In such cases, relying on regular standard errors (or maybe the
slightly less conservative robust standard error HC1) might be better to reach the nominal alpha error
limit. An alternative are nonparametric approaches such as permutation tests, however, their most
relevant downside are much longer computational times.

When the outcome variable is binary, many models have good statistical properties, as long as
the total sample size is not very small. Logit (with robust standard errors), probit (regular and robust
standard errors), and the LPM (only with robust HC3 standard errors) are all acceptable. For very
small samples, the robust logit or robust LPM are potentially the most sensible choices.

Author Contributions: Felix Bittmann is a postdoctoral research fellow at the Leibniz Institute for Educational
Trajectories (LIfBi) in Bamberg, Germany. Trained as a sociologist, his research interests span a range of topics
within the social sciences, including the emergence of social inequality in educational systems, life satisfaction,
and advanced methodological approaches to quantitative analysis.

Appendix A

Table A1. Alpha simulation. Probability to have a p-value smaller than 0.05 for the continuous outcome
variable. 95% confidence intervals in brackets.

N 60 60 60 200 200 200 1000 1000 1000
Gamma 1 1.5 3 1 1.5 3 1 1.5 3
OLS 0.0480 0.0491 0.0563 0.0548 0.0558 0.0630 0.0548 0.0551 0.0622

[0.045,0.051] [0.046,0.052] [0.053,0.059] [0.052,0.058] [0.053,0.059] [0.060,0.066] [0.052,0.058] [0.052,0.058] [0.059,0.065]
OLS/ROB 0.0428 0.0424 0.0442 0.0513 0.0509 0.0515 0.0512 0.0508 0.0512

[0.040,0.045] [0.040,0.045] [0.042,0.047] [0.049,0.054] [0.048,0.054] [0.049,0.054] [0.049,0.054] [0.048,0.054] [0.048,0.054]
CHOW 0.0754 0.0756 0.0756 0.0614 0.0619 0.0620 0.0536 0.0531 0.0536

[0.072,0.079] [0.072,0.079] [0.072,0.079] [0.058,0.064] [0.059,0.065] [0.059,0.065] [0.051,0.056] [0.050,0.056] [0.051,0.056]
SEM 0.0623 0.0637 0.0705 0.0587 0.0603 0.0672 0.0553 0.0558 0.0630

[0.059,0.065] [0.061,0.067] [0.067,0.074] [0.056,0.062] [0.057,0.063] [0.064,0.070] [0.052,0.058] [0.053,0.059] [0.060,0.066]
SEM/ROB 0.0754 0.0756 0.0756 0.0614 0.0619 0.0620 0.0536 0.0531 0.0536

[0.072,0.079] [0.072,0.079] [0.072,0.079] [0.058,0.064] [0.059,0.065] [0.059,0.065] [0.051,0.056] [0.050,0.056] [0.051,0.056]
BOOT 0.0558 0.0568 0.0593 0.0585 0.0582 0.0590 0.0534 0.0530 0.0531

[0.053,0.059] [0.054,0.060] [0.056,0.062] [0.056,0.061] [0.055,0.061] [0.056,0.062] [0.051,0.056] [0.050,0.056] [0.050,0.056]
PERM 0.0473 0.0476 0.0470 0.0535 0.0527 0.0526 0.0519 0.0518 0.0524

[0.045,0.050] [0.045,0.050] [0.044,0.050] [0.051,0.056] [0.050,0.055] [0.050,0.055] [0.049,0.055] [0.049,0.055] [0.050,0.055]
JACK 0.0444 0.0445 0.0462 0.0519 0.0514 0.0520 0.0512 0.0510 0.0513

[0.042,0.047] [0.042,0.047] [0.044,0.049] [0.049,0.055] [0.049,0.054] [0.049,0.055] [0.049,0.054] [0.048,0.054] [0.049,0.054]

5 Stata helps us out with the efficient factor variable notation, such as logit outcome
c.treatment##c.treatment##i.group

6 For a tutorial on how to do this in Stata, refer to [6]
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Table A2. Power simulation. Probability to have a p-value smaller than 0.05 for the continuous outcome
variable. 95% confidence intervals in brackets.

N 60 60 60 200 200 200 1000 1000 1000
Gamma 1 1.5 3 1 1.5 3 1 1.5 3
OLS 0.235 0.237 0.234 0.536 0.533 0.515 0.794 0.794 0.787

[0.228,0.242] [0.230,0.243] [0.227,0.241] [0.528,0.544] [0.525,0.541] [0.507,0.523] [0.788,0.801] [0.787,0.800] [0.780,0.793]
OLS/ROB 0.206 0.203 0.188 0.521 0.514 0.476 0.791 0.788 0.774

[0.200,0.213] [0.197,0.210] [0.181,0.194] [0.513,0.529] [0.506,0.522] [0.468,0.484] [0.784,0.798] [0.782,0.795] [0.767,0.780]
CHOW 0.281 0.275 0.258 0.543 0.537 0.500 0.793 0.790 0.776

[0.274,0.288] [0.268,0.282] [0.251,0.265] [0.535,0.551] [0.529,0.545] [0.492,0.508] [0.786,0.799] [0.784,0.797] [0.769,0.783]
SEM 0.266 0.264 0.263 0.544 0.541 0.525 0.795 0.794 0.788

[0.259,0.273] [0.257,0.271] [0.256,0.270] [0.536,0.552] [0.533,0.549] [0.517,0.533] [0.788,0.801] [0.787,0.800] [0.781,0.794]
SEM/ROB 0.281 0.275 0.258 0.543 0.537 0.500 0.793 0.790 0.776

[0.274,0.288] [0.268,0.282] [0.251,0.265] [0.535,0.551] [0.529,0.545] [0.492,0.508] [0.786,0.799] [0.784,0.797] [0.769,0.783]
BOOT 0.246 0.242 0.230 0.537 0.529 0.494 0.793 0.789 0.776

[0.239,0.253] [0.235,0.249] [0.223,0.237] [0.529,0.545] [0.521,0.537] [0.486,0.502] [0.786,0.799] [0.783,0.796] [0.769,0.782]
PERM 0.218 0.213 0.196 0.524 0.517 0.479 0.790 0.788 0.773

[0.212,0.225] [0.206,0.219] [0.190,0.202] [0.516,0.532] [0.509,0.525] [0.471,0.487] [0.784,0.797] [0.781,0.794] [0.767,0.780]
JACK 0.211 0.208 0.192 0.522 0.515 0.477 0.791 0.789 0.774

[0.205,0.218] [0.202,0.214] [0.185,0.198] [0.514,0.530] [0.507,0.523] [0.469,0.485] [0.785,0.798] [0.782,0.795] [0.767,0.780]

Table A3. Alpha simulation. Probability to have a p-value smaller than 0.05 for the binary outcome
variable. 95% confidence intervals in brackets.

N 100 100 100 500 500 500 1000 1000 1000
Phi 0.50 0.65 0.80 0.50 0.65 0.80 0.50 0.65 0.80
Logit 0.0288 0.0236 0.0117 0.0420 0.0404 0.0390 0.0445 0.0441 0.0401

[0.027,0.031] [0.022,0.025] [0.010,0.013] [0.040,0.045] [0.038,0.043] [0.037,0.041] [0.042,0.047] [0.042,0.047] [0.038,0.043]
Logit/Rob 0.0475 0.0498 0.0608 0.0491 0.0464 0.0498 0.0502 0.0507 0.0498

[0.045,0.050] [0.047,0.053] [0.058,0.064] [0.046,0.052] [0.044,0.049] [0.047,0.052] [0.048,0.053] [0.048,0.053] [0.047,0.053]
Probit 0.0394 0.0350 0.0210 0.0490 0.0457 0.0485 0.0497 0.0509 0.0486

[0.037,0.042] [0.033,0.037] [0.019,0.023] [0.046,0.052] [0.043,0.048] [0.046,0.051] [0.047,0.052] [0.048,0.054] [0.046,0.051]
Probit/Rob 0.0666 0.0704 0.0915 0.0544 0.0508 0.0571 0.0512 0.0532 0.0536

[0.063,0.070] [0.067,0.074] [0.088,0.095] [0.052,0.057] [0.048,0.053] [0.054,0.060] [0.048,0.054] [0.050,0.056] [0.051,0.056]
AME 0.0779 0.0846 0.0979 0.0682 0.0714 0.0798 0.0658 0.0725 0.0797

[0.075,0.081] [0.081,0.088] [0.094,0.102] [0.065,0.071] [0.068,0.075] [0.076,0.083] [0.063,0.069] [0.069,0.076] [0.076,0.083]
AME/Rob 0.0923 0.0998 110 0.0763 0.0765 0.0802 0.0728 0.0774 0.0774

[0.089,0.096] [0.096,0.104] [0.106,0.113] [0.073,0.080] [0.073,0.080] [0.077,0.084] [0.070,0.076] [0.074,0.081] [0.074,0.081]
LPM 0.00852 0.0188 0.0835 0.00804 0.0149 0.0742 0.00792 0.0158 0.0759

[0.007,0.010] [0.017,0.020] [0.080,0.087] [0.007,0.009] [0.013,0.016] [0.071,0.077] [0.007,0.009] [0.014,0.017] [0.073,0.079]
LPM/Rob 0.0447 0.0427 0.0540 0.0480 0.0476 0.0482 0.0470 0.0501 0.0512

[0.042,0.047] [0.040,0.045] [0.051,0.057] [0.045,0.051] [0.045,0.050] [0.046,0.051] [0.044,0.050] [0.047,0.053] [0.048,0.054]
Chow/Logit 0.0475 0.0498 0.0608 0.0491 0.0464 0.0498 0.0502 0.0507 0.0498

[0.045,0.050] [0.047,0.053] [0.058,0.064] [0.046,0.052] [0.044,0.049] [0.047,0.052] [0.048,0.053] [0.048,0.053] [0.047,0.053]
Chow/Probit 0.0666 0.0704 0.0915 0.0544 0.0508 0.0571 0.0512 0.0532 0.0536

[0.063,0.070] [0.067,0.074] [0.088,0.095] [0.052,0.057] [0.048,0.053] [0.054,0.060] [0.048,0.054] [0.050,0.056] [0.051,0.056]
Chow/LPM 0.0610 0.0618 0.0758 0.0524 0.0513 0.0528 0.0487 0.0519 0.0529

[0.058,0.064] [0.059,0.065] [0.072,0.079] [0.050,0.055] [0.049,0.054] [0.050,0.056] [0.046,0.051] [0.049,0.055] [0.050,0.056]

Table A4. Power simulation. Probability to have a p-value smaller than 0.05 for the binary outcome
variable. 95% confidence intervals in brackets.

N 100 100 100 500 500 500 1000 1000 1000
Phi 0.5 0.65 0.8 0.5 0.65 0.8 0.5 0.65 0.8
Logit 0.116 0.1 0.046 0.57 0.551 0.445 0.719 0.7 0.625

[0.111,0.121] [0.095,0.105] [0.043,0.049] [0.562,0.578] [0.543,0.559] [0.437,0.453] [0.711,0.726] [0.693,0.708] [0.617,0.633]
Logit/Rob 0.179 0.17 0.136 0.588 0.57 0.473 0.728 0.71 0.641

[0.173,0.185] [0.164,0.176] [0.130,0.141] [0.580,0.595] [0.562,0.578] [0.465,0.481] [0.721,0.735] [0.703,0.717] [0.633,0.649]
Probit 0.153 0.14 0.0817 0.592 0.579 0.499 0.73 0.715 0.663

[0.147,0.158] [0.135,0.146] [0.077,0.086] [0.584,0.600] [0.572,0.587] [0.491,0.507] [0.723,0.737] [0.708,0.722] [0.656,0.671]
Probit/Rob 0.229 0.224 0.199 0.599 0.586 0.513 0.732 0.718 0.666

[0.222,0.236] [0.217,0.231] [0.192,0.205] [0.591,0.607] [0.579,0.594] [0.505,0.521] [0.725,0.740] [0.711,0.725] [0.659,0.674]
AME 0.206 0.225 0.279 0.542 0.577 0.645 0.701 0.722 0.755

[0.200,0.213] [0.218,0.232] [0.272,0.286] [0.534,0.550] [0.569,0.585] [0.637,0.652] [0.694,0.709] [0.715,0.730] [0.748,0.762]
AME/Rob 0.234 0.247 0.294 0.554 0.586 0.643 0.711 0.728 0.754

[0.227,0.241] [0.240,0.254] [0.286,0.301] [0.546,0.562] [0.578,0.594] [0.635,0.651] [0.703,0.718] [0.720,0.735] [0.747,0.761]
LPM 0.0371 0.0732 0.221 0.254 0.371 0.601 0.484 0.583 0.737

[0.034,0.040] [0.069,0.077] [0.215,0.228] [0.247,0.261] [0.363,0.379] [0.593,0.609] [0.476,0.492] [0.575,0.591] [0.730,0.744]
LPM/Rob 0.123 0.131 0.175 0.456 0.499 0.571 0.653 0.675 0.713

[0.117,0.128] [0.125,0.136] [0.169,0.181] [0.448,0.464] [0.491,0.507] [0.563,0.579] [0.646,0.661] [0.668,0.683] [0.706,0.720]
Chow/Logit 0.179 0.17 0.136 0.588 0.57 0.473 0.728 0.71 0.641

[0.173,0.185] [0.164,0.176] [0.130,0.141] [0.580,0.595] [0.562,0.578] [0.465,0.481] [0.721,0.735] [0.703,0.717] [0.633,0.649]
Chow/Probit 0.229 0.224 0.199 0.599 0.586 0.513 0.732 0.718 0.666

[0.222,0.236] [0.217,0.231] [0.192,0.205] [0.591,0.607] [0.579,0.594] [0.505,0.521] [0.725,0.740] [0.711,0.725] [0.659,0.674]
Chow/LPM 0.159 0.168 0.22 0.466 0.508 0.579 0.657 0.678 0.717

[0.153,0.165] [0.162,0.174] [0.213,0.226] [0.458,0.474] [0.500,0.516] [0.571,0.587] [0.649,0.664] [0.670,0.685] [0.709,0.724]
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