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A B S T R A C T   

Social scientists are often interested in seeing how the estimated effects of variables change once 
other variables are controlled for. For example, a simple analysis may reveal that income differs 
by race – but why does it differ? To answer such a question, a researcher might estimate a model 
where race is the only independent variable, and then add variables such as education to sub
sequent models. If the original estimated effect of race declines, this may be because race affects 
education, which in turn affects income. What is not universally realized is that the interpretation 
of such nested models can be problematic when logit or probit techniques are employed with 
binary dependent variables. Naïve comparisons of coefficients between models can indicate dif
ferences where none exist, hide differences that do exist, and even show differences in the 
opposite direction of what actually exists. We discuss why problems occur and illustrate their 
potential consequences. Proposed solutions, such as Linear Probability Models, Y-standardization, 
the Karlson/Holm/Breen method, and marginal effects, are explained and evaluated.   

1. Introduction 

Analyses using logistic regression and probit models have appeared in Social Science Research almost since the journal began (e.g. 
Henretta 1979; Magidson 1981; Berk and Ray 1982; Rauma 1984; Marini 1985; McDougall and Bunce, 1986). Often, these papers, as 
well as papers in many other journals (e.g. Regnerus and Elder, 2003; Matthew, 2011; Kreager and Haynie 2011; Crowder et al. 2011), 
have focused on the analyses of nested models, which begin with simple models and gradually expand them. 

The use of nested model approaches in SSR and elsewhere is not surprising. Social scientists are often interested in seeing how the 
effects of variables differ between nested models. For example, a simple descriptive analysis may reveal that income differs by race – 
but why does it differ? To answer such a question, a researcher might estimate a model where race is the only independent variable, 
and then add variables such as education to subsequent models. If the original estimated effect of race declines, this may be because 
race affects education, which in turn affects income. That is, the effect of race is mediated1 by education; or, one might say that ed
ucation is the mechanism by which race affects income.2 Such analyses can provide a clearer picture of exactly why and how race is 
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1 We use terms like mediation much the same way as Karlson et al. (2012) and Kohler, Karlson, and Holm do (2011) do. For alternative and 
broader viewpoints on mediation, see, for example, VanderWeele (2015).  

2 To put it another way, researchers are often interested in distinguishing between the total, direct, and indirect effects of a variable X on an 
outcome Y. The estimated total effect of X is the effect of X when no other variables are in the model. The direct effect of X is the effect of X after all 
the mediating variables (variables affected by X which in turn affect Y) are controlled for. The indirect effect of X is the difference between the total 
effect and the direct effect. As we discuss later, there can also be concomitant variables that are not affected by X (e.g. gender) but which also affect 
the dependent variable. If these exist, they should also be controlled for when estimating total, direct, and indirect effects of X. 
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related to the outcome of interest.3 Identifying the mechanisms by which race affects income may make it possible to develop policies 
that change how those mechanisms work, e.g. schools might be reformed so that race had less impact on educational outcomes. 

In Ordinary Least Squares (OLS) regression with continuous dependent variables, such issues are often addressed by estimating and 
comparing sequences of nested models. Unfortunately, these same approaches can be highly problematic when categorical and limited 
dependent variables like binary and ordinal are analyzed. (We primarily discuss logistic regression, but the same problems and so
lutions are equally true for probit and some other analyses involving limited dependent variables.) Many do not realize that there are 
important statistical differences in how these procedures work compared to OLS (Mood, 2010).4 Depending on the situation, apparent 
differences in coefficients across models can be greatly overstated or greatly understated in probit or logistic regression models. For 
binary and ordinal dependent variables, naïve comparisons of coefficients between models can indicate differences where none exist, 
hide differences that do exist, and even show differences in the opposite direction of what actually exists. 

2. The problem explained 

We begin with two examples, one using hypothetical data and the other using real data, to illustrate our points. All results presented 
here can be replicated with the materials presented in the Appendix. 

2.1. Example using hypothetical data 

We constructed a data set where the dependent variable, Y, and the independent variables X1 and X2, are all 0/1 dichotomies. Each 
of the four possible combinations of X1 and X2 (e.g. X1 = 0, X2 = 0; X1 = 1, X2 = 0; etc.) had 125 cases. Y was constructed in such a 
way that the true values of the X1 and X2 coefficients in a logistic regression were equal to 4.5. We then estimated logistic regressions 
using X1 only, X2 only, and then X1 and X2 together. In all logistic regression tables, we present the log odds coefficients, rather the 
odds ratios, because comparisons across the different methods we discuss are more straightforward and easier to understand when 
coefficients are focused on. The results are presented in Table 1. 

Usually when variables are added to a model using OLS regression, the direct effects of variables estimated in earlier stages tend to 
decrease in magnitude. For example, race and education may both affect income. Hence, if the first model only has race in it, and the 
second model adds education, the effect of race tends to be smaller in the second model, because race and education are correlated; 
part of the reason racial groups differ in their incomes is because they also differ in their levels of education, hence the estimated direct 
effects of race become smaller once education is included in the model. 

However, in our example, we predict a dichotomous outcome using logistic regression rather than a continuous outcome using OLS. 
Here, the effects of X1 and X2 seem to increase dramatically when both variables are in the model. In the bivariate logistic regressions, 
the effects of X1 and X2 are each about 2.20, but in the model that has both variables, their estimated effects are more than twice as 
large – about 4.5. 

If we saw something similar happen in an OLS regression, we would most likely suspect suppressor effects were responsible. 
Suppressor effects might be present if X1 and X2 were negatively correlated, but both had positive effects on the dependent variable Y. 
This might occur if, for example, you were to study a remedial reading program for low-income children. Income and participation in 

Table 1 
Logistic regressions - hypothetical data.   

Xonly Zonly Both 

Y 
X1 2.17***  4.50*** 

(0.21)  (0.60) 
X2  2.21*** 4.54***  

(0.21) (0.60) 
pseudo R2 0.182 0.188 0.469 
VarYstar 4.46 4.51 13.53 
SDYstar 2.11 2.12 3.68 
N 500 500 500 

Standard errors in parentheses. 
With controls added the coefficient for X1 increases by 2.34, i.e. by 108%. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

3 Potentially, the coefficient for race might become zero after variables are added. However, it would usually be a mistake to conclude that race 
does NOT affect the outcome. Rather, the analysis may be demonstrating why it is that race and the outcome are related. Race affects X which in 
turn affects Y; if so the effect of race on the outcome is indirect rather than direct.  

4 Among other things, Mood (2010, p. 67) notes “Logistic regression estimates do not behave like linear regression estimates in one important 
respect: They are affected by omitted variables, even when these variables are unrelated to the independent variables in the model.” Our examples 
will illustrate why Mood’s claim is true. 
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the program would be negatively correlated, because lower incomes are required to qualify for the program. But, if the program is 
effective, both participation in the program and higher incomes (because of the learning advantages associated with them) would 
likely lead to higher reading scores. Therefore, if you estimated a model in which only program participation predicted reading scores, 
the positive effect of the program would be suppressed because you would not be controlling for how lower incomes reduce the scores 
of program participants. However, if you included both program participation and income in the model, you would see that the 
estimated effect of the program becomes more positive (perhaps even changing signs from negative to positive) once income is added 
to the model. In this way, suppression is one common reason why we would see coefficients increasing in magnitude across nested 
models as more variables are added. 

However, suppression is NOT the cause of the dramatic changes shown here. Remember that 125 cases were assigned to each of the 
four possible combinations of values of X1 and X2. This might happen, for example, in an experimental study where subjects are 
randomly assigned to treatment groups. As a result, X1 and X2 are not and cannot be correlated, i.e. since cases are randomly assigned, 
knowing someone’s value on X1 tells you absolutely nothing about their likely value on X2. If we use OLS regression on our hypo
thetical data instead of logistic regression – i.e. if we estimate a Linear Probability Model – we get the results shown in Table 2. 

With OLS regression, the coefficients for X1 and X2 are the same in all three models – which is what should happen in OLS 
regression when the independent variables are uncorrelated with each other, as is the case here. 

Hence, we have a dramatic contrast. In the OLS regressions, the effects of the uncorrelated X1 and X2 are the same regardless of 
whether they are entered into the model individually or together. On the other hand, in the logistic regressions, the estimated effects of 
X1 and X2 more than double once both are in the model at the same time. 

Note that some contend that the Linear Probability Model is actually better than the logistic regression model, or at least adequate, 
in many cases. Paul von Hippel (2015, 2017), for example, argues that the LPM coefficients are easier to interpret and that the logistic 
and linear models often yield results that are virtually indistinguishable. The fact that the LPM does NOT suffer from the problems with 
comparisons across nested models that we illustrate here is another argument in its favor. Nonetheless, given the problems that occur 
when binary dependent variables are analyzed via OLS (See Long and Freese, 2014; or numerous other sources for a discussion), and 
given that marginal effects provide an alternative way of making logistic regression results easier to interpret (Williams, 2012; see also 
Allison, 2017) we think the solutions we discuss later are generally superior. 

In these cases, the striking changes can serve as clues to a researcher that something is wrong with the analysis. However, the clues 
may not always be so obvious. We now present a second example, which shows a variant of the problems we have described but which 
is so subtle the researcher might not even suspect that something does not seem quite right. 

2.2. Example using the ANES 2008 time series study 

In an experimental setting, such as with our hypothetical data, it would be possible to assign treatments X1 and X2 so that they 
would not be correlated. With survey and other observational data, however, it would be unusual to find situations where both X1 and 
X2 strongly affected Y and yet were uncorrelated with each other.5 We therefore provide a second example, this time using the 
American National Election Studies (ANES) 2008 Time Series Study. Quoting the study’s online documentation (The American Na
tional Election Studies, ANES 2015), 

This study is part of the American National Election Study (ANES), a time-series collection of national surveys fielded 
continuously since 1952. The American National Election Studies are designed to present data on Americans’ social back
grounds, enduring political predispositions, social and political values, perceptions and evaluations of groups and candidates, 
opinions on questions of public policy, and participation in political life. The 2008 ANES data consists of a time series study 
conducted both before and after the 2008 presidential election in the United States … Like its predecessors, the 2008 ANES was 

Table 2 
Linear Probability Models - Hypothetical Data   

LPM-Xonly LPM-Zonly LPM-Both 

X1 0.48***  0.48*** 
(0.04)  (0.03) 

X2  0.49*** 0.49***  
(0.04) (0.03) 

R2 0.238 0.246 0.484 
VarY 0.25 0.25 0.25 
SDY 0.50 0.50 0.50 
N 500 500 500 

Standard errors in parentheses. 
When controls are added the coefficient for X1 does not change. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

5 An exception might be for demographic variables such as race and gender, which are usually weakly correlated but which might both have 
effects on an outcome of interest. 
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divided between questions necessary for tracking long-term trends and questions necessary to understand the particular po
litical moment of 2008. 

Table 3 shows the variables from ANES 2008 that are used in this analysis.6 Obama is the dependent/outcome variable while the 
other variables are independen/explanatory. The Appendix shows exactly which variables were extracted from the ANES 2008 dataset 
and any data manipulations (e.g. recodings) that were done by us. 

For this example, we are primarily interested in the effect of white and how it changes when the four other variables are added to 
the model. 

In model 1 of Table 4, Obama is regressed on white alone. In model 2, Obama is regressed on the four control variables. In the final 
model, all of the independent variables are included. 

On the surface at least, the results seem plausible. White people, older people, those with higher incomes, and those who felt more 
warmly towards George W. Bush were all less likely to vote for Barack Obama, while those who felt more warmly towards feminists 
were more likely to vote for Obama. 

What may be somewhat surprising, however, is how the effect of being White changes – or rather does not change – once the control 
variables are added. In many analyses, racial differences get noticeably smaller once variables like income are controlled for, e.g. racial 
differences in income will become smaller once racial differences in education are accounted for. Yet, in this analysis, the effect of 
being White barely declines at all once other variables are added. The estimated effect of being White goes from − 2.32 in the single- 
variable model to − 2.13 in the full model, a decline of only about 8 percent. Further, the dichotomized measure of the variable white is 
indeed correlated with the other variables in the model. In this sample, White respondents tend to be somewhat older, have higher 
incomes, feel more warmly toward George Bush, and less warmly towards feminists.7 A researcher might therefore reasonably wonder 
why the effect of white declines so little in these models once control variables are added. 

Compare those changes to what happens when we instead estimate the models using OLS regression/Linear Probability Models in 
Table 5. 

Once controls are added the effect of white drops from − 0.44 down to − 0.27, a decline of 39%. This is almost five times as large as 
the decline that the logistic regression coefficients suggested. 

To summarize, in the first example the logistic regressions indicated that the effect of X1 doubled once another variable, X2, was 

Table 3 
Variables.  

Variable Description 

Obama Who did the respondent vote for in 2008? 0 = John McCain, 1 = Barack Obama 
White Race of Respondent (dichotomized). 1 = White Non-Hispanic, 0 = Not White (or else Hispanic) 
Age Age in Decades (e.g. 2.7 = 27 years old) 
Income Estimated Family Income in $10,000s (e.g. 4.6 = $46,000) 
Bush Feeling thermometer towards George W. Bush (ranges from a low of 0 to a high of 10) 
Feminist Feeling thermometer toward feminists (ranges from a low of 0 to a high of 10)  

Table 4 
Logistic regressions - Obama 2008 presidential vote.   

Xonly Zonly Both 

Obama 
White ¡2.32***  ¡2.13*** 

(0.15)  (0.19) 
Age  − 0.18*** − 0.11*  

(0.05) (0.05) 
income  − 0.18*** − 0.13***  

(0.02) (0.02) 
Bush  − 0.63*** − 0.64***  

(0.04) (0.04) 
feminist  0.32*** 0.27***  

(0.04) (0.04) 
pseudo R2 0.180 0.406 0.489 
VarYstar 4.62 8.33 10.38 
SDYstar 2.15 2.89 3.22 
N 1372 1372 1372 

Standard errors in parentheses. 
With controls added the coefficient for white decreases (in magnitude) by 0.19, i.e. by 8.2%. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

6 The original values of age, income, Bush, and feminism were divided by ten to make the output more readable.  
7 Results are available upon request, but can also easily be confirmed with the replication materials in the appendix. 
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added to the model. Conversely, in the second example, the effect of the first variable, white, barely changed at all when controls were 
included. While these may seem like very different situations, they are actually both illustrations of the same problem: in logistic 
regression, naïve comparisons of coefficients across nested models are inherently problematic. In the next section, we explain why. 

2.3. Statistical and intuitive explanations 

We now offer both a statistical explanation and an intuitive explanation as to why these problems occur. 

2.3.1. Statistical explanation 
It is common to use techniques such as OLS regression to estimate models where an observed, continuous independent variable, Y, 

is a linear function of one or more independent X variables, i.e. 

Y =α+
∑

Xβ+ ε, ε ∼ N
(
0, σ2)

Since the residuals are uncorrelated with the Xs, it follows that 

V(Y)=V
(

α+
∑

Xβ
)
+V(ε)

= Explained Variance+Residual Variance 

As you add explanatory variables to a model, explained variance goes up, and the residual variance goes down. The variance of the 
observed variable Y stays the same.8 

But suppose the observed Y is not continuous – instead, it is a collapsed version of an underlying unobserved variable, Y*. For 
example, respondents might be asked “Do you approve or disapprove of the President’s health care plan? 1 = Approve, 2 =
Disapprove.” 

Attitudes are usually not simply binary; rather, they run along a continuum, in this case ranging from strongly approve to strongly 
disapprove. We do not actually observe the exact values; we just observe the binary responses to the question. In effect, the underlying 
continuum of attitudes has been collapsed into two values. We know if an individual supports the President’s health care plan, but we 
do not know how strong or weak that support is. 

Binary & ordinal regression techniques allow us to estimate the effects of the Xs on the underlying Y*. They can also be used to see 
how the Xs affect the probability of being in one category of the observed Y as opposed to another. 

The latent variable model in binary logistic regression can be written as 

If Y* > = 0, y = 1  

If Y* < 0, y = 0 

Since Y* is a latent unobserved variable, its scaling has to be set some way; that is, some constraint needs to be placed on the model 
in order to identify the parameter estimates. There are actually an infinite number of ways to do this, but some approaches have clear 

Table 5 
Linear probability models - Obama 2008 presidential vote.   

LPM-Xonly LPM-Zonly LPM-Both 

White ¡0.44***  ¡0.27*** 
(0.02)  (0.02) 

Age  − 0.02*** − 0.01*  
(0.01) (0.01) 

income  − 0.02*** − 0.02***  
(0.00) (0.00) 

Bush  − 0.09*** − 0.08***  
(0.00) (0.00) 

feminist  0.04*** 0.03***  
(0.00) (0.00) 

R2 0.213 0.428 0.496 
VarY 0.23 0.23 0.23 
SDY 0.48 0.48 0.48 
N 1372 1372 1372 

Standard errors in parentheses. 
With controls added the coefficient for white decreases (in magnitude) by 0.17, i.e. by 39%. 
*p < 0.05, **p < 0.01, ***p < 0.001 

8 To put it another way – As you add variables to an OLS regression, the Total Sum of Squares stays the same, but the allocation between the Model 
(Explained) and Residual (Unexplained) Sums of Squares shifts, i.e. adding more variables increases the Explained SS and decreases the unexplained 
SS by a corresponding amount. Hence, the variance of Y (which is Mean Square Total/(N – 1)) stays the same regardless of what variables are added 
or dropped from the model. In other words, V(Y) is a fixed quantity and does not depend on the variables in the model. 
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advantages over others. In logistic regression, Y* is typically identified by assuming the error terms have a standard logistic distri
bution. A standard logistic distribution has a mean of 0 and a variance of π2/3, or about 3.29. Fixing the residual variance at π2/3 has 
many nice statistical properties, e.g. it makes it easy to compute odds ratios and to compute the probability that a case with a given set 
of characteristics will have a value of 1 on the outcome variable (Williams and Quiroz, 2019). 

However, when comparing coefficients across nested models, identifying the model by fixing the residual variance also has major 
disadvantages. Since the residuals are uncorrelated with the Xs and the error term is assumed to have a standard logistic distribution, in 
logistic regression it follows that 

V(Y*)=V(α+ xβ)+V
(
εyY*

)
=V(α+ xβ)+ π2 / 3=V(α+ xβ) + 3.29 

Notice an important difference between OLS and Logistic Regression. 
In OLS regression with an observed variable Y, V(Y) is fixed and the explained and unexplained variances change as variables are 

added to the model. 
But, in logistic regression with an unobserved variable Y*, V(εY*) is fixed. Therefore, if additional variables improve the fit of a 

model, the explained variance has to go up to reflect this because the residual variance cannot go down. As a result, the total variance 
of Y* has to go up too. 

2.3.2. Intuitive explanation 
An alternative, more intuitive explanation is also possible. The variance of Y* changes because estimation of the probability of 

success gets better and better as you add more variables, and better estimation in turn leads to more variability in the estimates. 
Suppose you had a single dichotomous independent variable, e.g. a variable called gender, with two options: male and female.9 All 
men would have the same predicted probability of success and all women would also share the same predicted probability. For 
example, men might have a 40% probability of success while women have a 50% chance. 

As you add more variables, however, there will start to be more variability in the individuals’ predicted probabilities. So, among the 
men, after adding another variable the probabilities might now range between 35% and 45%, while for women the range might be 
45%–55%. Hence, instead of the probabilities only ranging from 40% to 50%, adding another variable could cause the individual 
probabilities to range from 35% to 55%. If you are doing really well, adding more variables might even get you to the point where the 
predicted individual probabilities of success ranged from 0.0001 to 0.9999. 

To put it another way: When relevant variables are missing, you will overestimate the probability of success for some (e.g. some 
men will have less than a 40% chance of success) while underestimating it for others (e.g. some women will have better than a 50% 
chance). As your model improves, you will get more accurate estimates of the probability of success which in turn will result in greater 
variability in the values of Y*. 

2.3.3. Implications of rescaling 
Further, as Y* gets rescaled, the coefficients in each model get rescaled too. As a result, comparing nested logistic regressions where 

Y* is measured differently is like comparing OLS regressions where the measurement of the dependent variable is different in each 
model, e.g. in Model 1 income is measured in dollars, in Model 2 it is measured in thousands of dollars, etc. When the scaling of the 
dependent variable keeps changing, comparisons of coefficients across models is challenging and potentially misleading. 

This difference has important implications. Comparisons of coefficients between nested models do not work the same way in lo
gistic regression as they do in OLS; therefore a fair and accurate comparison in an OLS model may not be fair and accurate for a similar 
logistic regression model. Researchers using logistic regression with nested models who are not aware of this are likely to make at least 
small mistakes when interpreting their results, and possibly even serious ones. 

2.4. The examples revisited 

Returning to our hypothetical example, we can now see why the logistic regressions and OLS regressions behave so differently. Note 
that, as Table 2 showed, in the OLS regressions the variance of Y is indeed the same in all three models (0.25). It does not matter 
whether you add variables to the model or delete variables; the variance of Y is fixed. 

Compare that to the variance of Y* in the three logistic regression models10 (Table 1). The variances of Y* in the three models are 
4.46, 4.51, and 13.53, i.e. the variance is three times as large when both X variables are in the model. Clearly, unlike the variance of Y 
in an OLS regression, the variance of Y* in a logistic regression is NOT invariant across models. 

Once again, why does the variance of Y* go up? Because it has to. In logistic regression, the residual variance is fixed at about 3.29, 

9 While gender has historically been treated as binary and fixed at birth – including in the ANES 2008 dataset we use here – contemporary coding 
schemes have started using more complex measurement. For example, in 2018 the General Social Survey (Smith and Son, 2019) added separate 
questions on sex assigned at birth and current gender. Respondents were able to select “Woman,” “Man,” “Transgender,” “A gender not listed here,” 
and “No answer.” But, out of 1409 respondents, only 9 cases were identified as transgender or another alternative gender designation. However, a 
person at the GSS told us that the Ns may get higher, more questions are coming, and that gender scholars are excited for the new content.  
10 As noted before, in a standard logistic regression, V(Y*) = V(α + xβ) + π2/3. In Stata, the estimated variance of Y* can be easily computed using 

Long and Freese’s (2014) listcoef command. Alternatively Stata users can give commands like logit y x1 x2 x3; predict yhat, xb; sum yhat; scalar 
vary ¼ r(Var) þ _pi^2/3. 
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so improvements in model fit result in increases in explained variance, which in turn result in increases in total variance. The better the 
fit, the more variance. 

Although perhaps less obvious, rescaling is also creating problems in the Obama 2008 example presented in Table 4. In the single- 
variable model, the variance of Y* is 4.62. In the model with all the variables, the variance of Y* is more than twice as great, 10.38. 
Because adding variables rescales the variance of Y*, the coefficient for the variable white gets rescaled upward as well. As a result, the 
decline in the effect of white is actually greater than it appears to be based on the logistic regression coefficients. 

In short, comparisons of coefficients across nested models can be misleading because the dependent variable, and with it the model 
coefficients, are scaled differently in each model. 

3. What are possible solutions? 

We have deliberately chosen to include in this paper relatively simple, easy to explain examples of the problem at hand. However 
the solutions we discuss can be extended to more complicated models, such when there is a series of nested models or when more than 
one independent variable is of interest. 

3.1. Do not present nested logistic or probit regression models in the first place 

One simple solution is to only present coefficients for the final model. This might be an especially good strategy when intermediate 
models receive only limited attention anyway. Researchers could just present chi-square contrasts or give other reasons to justify how 
they picked their final model and then only present those coefficients (see, for example, Hauser and Andrew 2006). If the intermediate 
models are not really needed anyway, then presenting them just wastes space and potentially confuses the reader because of the way 
coefficients get rescaled across models, e.g. the reader might be misled by how the effect of race or gender changes across models, not 
realizing that at least part of the change is due to how Y* gets rescaled. 

However, in many situations, only presenting the final model would not be a good approach. When authors estimate sequences of 
models, it is often because they want to see how the effects of variables decline (or increase) after other variables are controlled for. For 
example, a researcher might want to know how much of the effect of race is direct and how much is indirect (e.g. race affects education 
and education in turn affects the dependent variable.) In such cases, researchers may want or need to estimate and present inter
mediate models, but they have to do so in a way that avoids the complications shown here. 

3.2. Use Y-standardization 

Mare (2006; also see Winship and Mare 1984) states 

When the error variance is fixed, it is also inappropriate to make within sample comparisons among the coefficients for a given 
covariate across equations with varying subsets of covariates. In this case, the total variance of the latent dependent variable 
and thus the scale of the estimated coefficients vary from model to model as a function of the different regressors that are 
included. Fixing the variance of the latent dependent variable avoids this problem. [Emphasis added]. 

With Y-standardization, instead of fixing the residual variance, you fix the variance of Y* at 1. To get the Y-standardized co
efficients, you simply take the original logistic regression coefficients and divide them by the estimated standard deviation of Y*. For 
example, in the first logistic regression presented in Table 1, the coefficient of X1 was 2.17, the standard deviation of Y* was 2.11, so 
the Y-standardized coefficient is 2.17/2.11 = 1.03 approximately. Table 6 applies Y-standardization to our earlier hypothetical 
example. 

The Y-standardized coefficients change much less across nested models than the original logistic regression coefficients did 
(although the fact that they change at all is somewhat problematic; Y-standardization seems to work better when the changes across 
models are not as extreme as in this case, such as in our Obama example). Conversely, Table 7 illustrates the use of Y-standardization in 
our Obama 2008 example. 

With the Y-standardized coefficients, the effect for white declines by about 39 percent – almost exactly the same drop as in the 
earlier Linear Probability Models (Table 4), and again much larger than the logistic regression coefficients (Table 1) had suggested. 

Table 6 
Y standardized coefficients - hypothetical data.   

Xonly Zonly Both 

Y 
X1 1.02***  1.22*** 

(0.209)  (0.599) 
X2  1.04*** 1.23***  

(0.210) (0.599) 
N 500 500 500 

bStdY coefficients; Standard errors in parentheses. 
With controls added the coefficient for X1 increases by 0.2, i.e. by 19.5%. 
*p < 0.05, **p < 0.01, ***p < 0.001. 
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The changes in the Y-standardized coefficients in the models using hypothetical data should give researchers pause. But, if more 
complicated solutions are not feasible, Y-standardization at least mitigates the problem. 

3.3. The Karlson/Holm/Breen (KHB) method 

The Karlson, Holm, and Breen (KHB) method is arguably the best approach for comparing coefficients across nested models 
(Karlson et al., 2012; Kohler et al. 2011; Breen et al., 2018, 2021). 

According to KHB, their method separates changes in coefficients due to rescaling from true changes in coefficients that result from 
adding more variables to the model (and does a better job of doing so than Y-standardization and other alternatives). They further note 
that with their method the total effect of a variable can be decomposed into its direct and its indirect components. 

We first present the results for the KHB method with the Obama 2008 example (Table 8), and then explain how and why it works as 
a solution to the problem of nested logistic regression models.11 

The KHB approach is both ingeniously clever and surprisingly simple. Here is a step-by-step description of the basics of the KHB 
method.  

• You regress each Z variable on X. In this case you regress age on white, income on white, etc.  
• You then compute the residual from that regression for each case. In the Obama 2008 example, the Z-residual variables are 

age_resid, income_resid, Bush_resid, and feminist_resid.12  

• KHB then estimate what they call the Reduced Model. The Reduced Model regresses Y on X and all the Z-residual variables. In the 
current example, Obama is regressed on white, age_resid, income_resid, Bush_resid, and feminist_resid.  

• The Full Model regresses Y on X and all the Z variables. In this case Obama is regressed on white, age, income, Bush, and feminist.  
• Put another way, the Reduced Model includes X and all the Z-residual variables, while the Full Model includes X and all the Z 

variables. 

The truly remarkable feature of the KHB approach is that the Full and Reduced models are actually the same model, just 
parametrized differently! The two models have the exact same fit and the exact same variance of Y*. Thus, comparisons between them 
are NOT distorted by having Y* scaled differently. This allows the researcher to look at mediation effects in an accurate way.  

• In the Reduced Model, X is, by construction, totally uncorrelated with the Z-Residual variables. Therefore none of the effect of X on 
Y is mediated by any other variables. That is, in the Reduced Model, the effect of X on Y is the effect of X when there are no controls 
applied.  

• In the Full Model, X is correlated with the Z variables, and the Z variables also affect Y. Hence, the effects of X are mediated by such 
things as race affecting income which in turn affects the presidential vote. 

In terms of results, KHB paint a very different picture than a naïve look at the logistic regression coefficients did. In the KHB 
Reduced Model, the coefficient for white is − 3.51. Once controls are added, the effect of white drops to − 2.14, a decline of 1.37, or 
about 39 percent. Once again, the 39 percent reduction in the effect of white is much greater than the 8.2 percent reduction the simple 

Table 7 
Y standardized coefficients - Obama 2008 presidential vote.   

Xonly Zonly Both 

Obama 
white ¡1.08***  ¡0.66*** 

(0.149)  (0.191) 
Age  − 0.06*** − 0.03*  

(0.0472) (0.0508) 
income  − 0.06*** − 0.04***  

(0.0215) (0.0232) 
Bush  − 0.22*** − 0.20***  

(0.0367) (0.0395) 
feminist  0.11*** 0.08***  

(0.0402) (0.0434) 
N 1372 1372 1372 

bStdY coefficients; Standard errors in parentheses. 
With controls added the coefficient for white decreases (in magnitude) by 0.42, i.e. by 38.7%. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

11 As with the other approaches we discuss, the KHB method can work with more complicated examples, e.g. there can be multiple X variables in 
the model whose effects are decomposed, not just a single one like is being used here. In Stata, their easy to use khb program can be downloaded and 
installed from the Statistical Software Components (SSC) archive.  
12 In Stata, you could give commands like regress age white followed by predict age_resid, residual for each of the Z variables. 
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comparison of the original logistic coefficients suggested. 
In the KHB approach, the − 2.14 coefficient for race represents the direct effect of white on voting. The − 1.37 difference between the 

Reduced and Full models reflects the indirect effect white has on vote, e.g., perhaps race affects income and income affects vote, or 
perhaps this reflects any non-causal reasons race and the Z variables are correlated. 

But what should a researcher do with variables that are not thought to be mediated or mediators? For example, race is not a cause of 
gender, but both race and gender may affect an outcome of interest. KHB suggest that, if X (e.g. race) is not thought to affect a variable, 
Z (e.g. gender), that affects Y (e.g. presidential vote), you should classify that variable as a concomitant variable and include it in both 
the Reduced and Full Models. That way the decline in the effect of X on Y across models really will reflect the indirect effect of X 
alongside the effect of Z. 

As Table 9 shows, the KHB method also produces striking results with our hypothetical data. 
The logistic regression coefficients suggested the effects of X1 and X2 more than doubled when both were in the model at the same 

time. KHB shows that, in fact, neither effect increases at all, which is what should happen since X1 and X2 are uncorrelated. The huge 
increases in the estimated effects seen before were entirely due to the rescaling of Y* that occurs when additional variables are added to 
a model. 

3.4. Marginal effects 

The previous methods examined how changes in X affected the predicted values for Y, Y*, or Y-standardized. However, other than 
sign and significance, the coefficients are not very intuitive. What, for example, does it mean to say that the coefficient for white is 
− 2.14 in the full Obama 2008 model? It means that White individuals were less likely to vote for Obama, but how much less likely? 
One percent, ten percent, fifty percent, or what? 

Williams (2012) and numerous others (e.g. Long and Freese 2014) have therefore suggested that marginal effects can be a great aid 
when interpreting the substantive meaning of effects in logit and probit models.13 For example, as we will show shortly, rather than 
saying the coefficient for white is − 2.14, we can make the much more intuitive statement that, after controlling for other variables, on 
average White individuals were 25 percentage points less likely than Non-White individuals to vote for Obama in 2008. 

Table 8 
KHB models - Obama 2008 presidential vote.   

Reduced Full 

Obama 
white ¡3.51*** ¡2.13*** 

(0.22) (0.19) 
age_resid − 0.11*  

(0.05)  
income_resid − 0.13***  

(0.02)  
Bush_resid − 0.64***  

(0.04)  
feminist_resid 0.27***  

(0.04)  
Age  − 0.11*  

(0.05) 
Income  − 0.13***  

(0.02) 
Bush  − 0.64***  

(0.04) 
feminist  0.27***  

(0.04) 
pseudo R2 0.489 0.489 
VarYstar 10.38 10.38 
SDYsta 3.22 3.22 
N 1372 1372 

Standard errors in parentheses. 
With controls added the coefficient for white decreases (in magnitude) by 1.38, i.e. by 
39.4%. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

13 Williams (2012) notes that there are different types of marginal effects, and states that he personally prefers Average Marginal Effects (AMEs) 
over Marginal Effects at the Means (MEMs), because AMEs are often more realistic and make better use all of the data. The khb program estimates 
AMEs. Nevertheless, it should be possible to estimate MEMs if the researcher prefers. 
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The use of marginal effects and adjusted predictions has additional benefits when used with nested models. Both Mize et al. (2019) 
and Karlson et al. (2012) argue that changes in marginal effects across nested models have more intuitive appeal than do changes in 
coefficients. Mize et al. (2019) further note that rescaling is not an issue with marginal effects. In other words, marginal effects can be a 
way to interpret changes in nested logit and probit models that avoids the Y* rescaling problem and provides substantive insight. 

Table 10 shows the marginal effects for our hypothetical example. 
The marginal effects show NO changes across models.14 

Table 11 shows the marginal effects for our Obama 2008 example. 
The average marginal effect of − 0.44 in the single-variable model means that White individuals were 44 percentage points less 

likely to vote for Obama than were Non-White individuals.15 (see Table 6) The AME of − 0.25 for white in the final model means that, 
after controls, White voters were still 25 percentage points less likely than Non-White voters to support Obama. As has been the case 
with all the strategies we have tried, the decline in the effect is around 40 percent, not the 8 percent figure implied by the logistic 
regression coefficients. This shows that part of the racial differences in support for Obama were partly due to the fact that racial groups 
also differ on other important variables such as income. 

Mize et al. (2019) demonstrate how to do formal tests of whether marginal effects significantly differ across nested models.16 KHB, 
however, argue that, instead of using the Xonly model when calculating the original marginal effect, you should use their Reduced 
Model (which has X and all the Z-Residual variables in it). Our experience suggests that the differences between the two approaches 
tend to be slight. Further, the Mize, Doan, and Long approach could possibly be tweaked to use the KHB Reduced Model. 

4. How serious is this problem in practice? 

There are many ways researchers use intermediate models appropriately, without comparing coefficients across nested models. 
Indeed, it is very common to report model fit statistics (e.g. model chi-square, BIC, chi-square contrasts) for intermediate models, and 

Table 9 
KHB models - hypothetical data.   

Reduced Full 

Y 
X1 4.50*** 4.50*** 

(0.60) (0.60) 
X2  4.54***  

(0.60) 
_cons − 1.77*** − 4.04*** 

(0.31) (0.59) 
pseudo R2 0.469 0.469 
VarYstar 13.53 13.53 
SDYsta 3.68 3.68 
N 500 500 

Standard errors in parentheses. 
The z-residual variables are included in the Reduced Model but coefficients are not 
shown. 
When controls are added the coefficient for X1 does not change. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

Table 10 
Average marginal effects - hypothetical data.   

Xonly Zonly Both 

X1 0.48***  0.48*** 
(0.04)  (0.03) 

X2  0.49*** 0.49***  
(0.04) (0.03) 

N 500 500 500 

Standard errors in parentheses. 
When controls are added the coefficient for X1 does not change. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

14 The marginal effects would change if X were continuous rather than dichotomous. Still, the changes in the marginal effects tend to be much 
smaller than the changes in the logistic regression coefficients.  
15 More specifically, in the sample Obama captured almost 90 percent of the Non-White vote compared to only about 45 percent of the White vote.  
16 As of this writing, the code for the Mize-Doan-Long method is available on Mize’s webpage at https://www.trentonmize.com/research. The 

coding is fairly complicated but a simpler-to-use Stata routine may eventually be forthcoming. 
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to give coefficient estimates only for the final model. (See, for example, Hauser and Andrew, 2006). If you are not going to focus much 
on changes in coefficients anyway, this is a very good strategy, since presenting unnecessary and potentially misleading coefficient 
estimates may do more harm than good. 

However, what about when researchers do present nested models? In our two examples, the naïve comparisons of nested models 
were highly misleading. In the hypothetical example, the effects of variables seemed to more than double once controls were added, 
when in reality they did not change at all. In the Obama 2008 example, the effect of being White seemed to decline only modestly, 
about 8 percent, when controls were added, but in reality the decline was closer to 40 percent. 

The hypothetical example is, admittedly, unusual and extreme. In experimental studies it is not unusual to design the study so that 
the independent/treatment variables are uncorrelated. However, it may be unusual to have effects this strong. Cases that were 0 on 
both X1 and X2 had less than a two percent predicted probability of being a 1 on Y. Conversely when both X1 and X2 equaled 1, the 
predicted probability of being a 1 on Y was over 99%. Further, since the experimenter knows X1 and X2 are uncorrelated, there is little 
reason to run nested models with them. Also, in real world situations it would be unusual to find two X variables (besides perhaps race 
and gender) that both strongly affected Y while at the same time being uncorrelated with each other. This hypothetical example 
provides proof of concept and a warning for experimental studies, and we do not claim it to be a typical example of other situations, e.g. 
survey data. 

The Obama 2008 example using real data is more realistic. Still, it too may be an unusual case. There are very sharp racial dif
ferences in American presidential voting, with Non-White voters (especially Black voters) being much more likely to vote for Dem
ocratic candidates. Further, race was no doubt especially important in 2008 because Obama was the first Black presidential candidate 
of a major political party. While studies often find major differences across racial groups, the impact of race may have been excep
tionally large in the 2008 election. 

So, how large has the problem been in published work? Without actually re-analyzing past papers that have used nested models, it 
is hard to assess how much impact these problems have actually had. We easily found dozens of recent papers that present sequences of 
nested models. They include potentially problematic statements such as  

• “The effect of race on the dependent variable is even stronger once GPA, SES, and sex are controlled for (Model 2), indicating that 
when blacks and whites have equal GPAs and family SES, blacks are more likely to agree with this statement.” (Matthew, 2011, p. 
235)  

• “Also of interest are changes in Model 1 estimates with the introduction of prior drinking. Across Models 1 and 2, the coefficient for 
partner drinking increases by 22 percent, suggesting that between-partner binge drinking similarity increases once prior behavior is 
controlled.” (Kreager and Haynie, 2011, p. 751)  

• “Most important, controlling for these micro-level mobility predictors accounts for a sizeable share of the association between local 
immigrant concentrations and inter-tract mobility among black householders, with the coefficient for this variable reduced by 
almost half (from 0.025 to 0.013) between Models 1 and 2.” (Crowder et al., 2011, p. 36). 

The numbers in such statements are probably at least a little off. What appears to be a larger effect as variables are added to models 
may in fact be a rescaling effect: coefficients get larger as the variance of Y* increases. Or, conversely, the decline in a coefficient’s 
estimated value across nested models may actually be even greater than it appears to be. But, without re-analyzing the data you cannot 
tell whether conclusions are seriously distorted as a result.17 

Table 11 
Average marginal effects - Obama 2008 presidential vote.   

Xonly Zonly Both 

white ¡0.44***  ¡0.25*** 
(0.02)  (0.02) 

Age  − 0.02*** − 0.01*  
(0.01) (0.01) 

income  − 0.02*** − 0.01***  
(0.00) (0.00) 

Bush  − 0.08*** − 0.07***  
(0.00) (0.00) 

feminist  0.04*** 0.03***  
(0.00) (0.00) 

N 1372 1372 1372 

Standard errors in parentheses. 
With controls added the coefficient for white decreases (in magnitude) by 0.19, i.e. by 42.6%. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

17 Ervin (Maliq) Matthew (2011) graciously provided us with the data used for his paper. As noted, the article contains potentially problematic 
statements such as “The effect of race on the dependent variable is even stronger once GPA, SES, and sex are controlled for”. In practice, however, 
we found that any potential errors were modest in Matthew’s analysis. For example, his Table 7 somewhat understates how much the effect of race 
declines as controls are added. Some of his statements may be slightly off but not enough to undermine his major conclusions. 
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Overall, researchers should realize that  
● Increases in the magnitudes of coefficients across nested models need not reflect suppressor effects. Instead, the increases could be 

due to the variance of Y* and the model coefficients being rescaled upward. Solutions such as using Y-standardization, KHB, or 
marginal effects can give researchers a clearer assessment of what is a suppressor effect and what is a misinterpretation of variance.  

● Conversely, declines in coefficients across models can actually be understated, i.e. you will be understating how much other 
variables account for the estimated direct effects of the variables in the early models. Again, the solutions proposed in this paper 
address this problem.  

● Distortions are potentially more severe when added variables strongly affect Y*, as the variance of Y* will increase more when that 
is the case. 

5. Summary & conclusions 

When you estimate a series of nested models using logit or probit, comparisons of coefficients across models may be problematic, 
because Y* and the model coefficients are scaled differently in each model. 

In logistic regression, when additional variables are added to a model, Y* and its variance are rescaled upwards, and the coefficients 
are rescaled too. Real change produced by the mediating effects of the control variables can be confounded with artificial change 
caused by the rescaling of Y*. 

Our two examples illustrated how researchers might be misled when naïvely comparing coefficients across nested models. In our 
hypothetical example with two uncorrelated variables, the effects of each more than doubled when they were placed in the model 
together. In reality, neither of their effects changed. The rescaling of Y* was entirely responsible for the differences in estimated effects. 

Conversely in the Obama 2008 example, the estimated effect of being White barely declined at all, only about 8 percent, once 
controls were applied. Since race is correlated with the added variables (e.g. White people tend to have higher incomes than other 
racial groups) this seemed surprisingly small. Indeed, each of the other approaches we tried – linear probability models, Y-standardized 
coefficients, the KHB method, marginal effects – all showed that the decline in the effect of the variable white was more in the range of 
40 percent. The rescaling of Y* that occurred once control variables were added caused the variable’s direct effect to seem to decline 
much less than it actually did. 

In both of our examples, a researcher could come to some very erroneous conclusions. Any naïve analysis comparing coefficient 
changes across nested models will probably be at least a little off, and in some situations might even be seriously off. 

Without reanalyzing past papers, it is hard to assess how serious the problems have been in practive. Our guess (possibly wrong) is 
that distortions have not been too severe in most papers, but there probably are at least a few published papers where the problems are 
more serious. 

What should researchers do to avoid this problem? 
They may just want to not even present the results from nested models. Often people ignore everything but the final model, so why 

waste space on intermediate results you aren’t using and which could mislead people? 
If you do want to present sequences of nested models and see how coefficients change (e.g. you want to see how the direct effect a 

variable like white declines or increases as more variables are added to the model) the other approaches shown here all have strong 
advantages. Y-standardization and the KHB method largely control for rescaling, with KHB doing an especially good job. The use of 
marginal effects in recent years has grown increasingly popular, because they can make the substantive implications of logistic 
regression results much clearer and they do not suffer from rescaling problems with nested models. 

Scholars in the past may have made some mistakes, but they nonetheless made many important contributions to our understanding 
of how the world works. They can be forgiven for not knowing about the potential problems with nested models or how to deal with 
them. Researchers today are in a much more advantaged position though. They can and should become well aware of the problems that 
can arise with the analysis of nested models and employ the tools that can lead to superior analyses in the future. 
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