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Abstract: The age difference between two persons is often of interest as an exposure in epidemiologic 

research. The association of the age difference between mother and father and child health outcomes is 

an example. In this paper, we show that there are three issues when using age differences as exposure. 

First, it is not possible to simultaneously control for the underlying age of both persons and the age 

difference without introducing arbitrary and untestable assumptions; instead, only two of these three 

variables can be accounted for at the same time. Second, we show formally that the age difference does 

not capture any interactions between the underlying ages; this might seem counterintuitive, given that the 

age difference is calculated using the age of both persons. Third, we argue that age differences might lack 

any deeper substantive meaning, at least in some applications. We illustrate these points using U.S. birth 

register data on more than 3 million births and modelling the influence of the maternal age, the paternal 

age, and the parental age difference on the risk of low birth weight; using this example, we provide 

recommendations on how to properly model and represent the interaction between age variables.    
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Introduction 
The age difference between two persons is often of interest as an exposure in epidemiologic research. 

Examples include the association between the age difference between mother and father and child health 

outcomes (Yu et al. 2024; Wang et al. 2024); the age difference between partners and outcomes such as 

fecundability (Zhang et al. 2024), mortality (Syse & Lyngstad 2017; Drefahl 2010), or intimate partner 

violence (Adebowale 2018; Jewkes et al. 2006); the age difference between siblings and its role in child 

development (Havron et al. 2019; Eriksen et al. 2010); the age difference between organ donor and 

recipient and how it relates to the success of the transplantation (Ulrich et al. 2024); or the age difference 

between interviewer and survey participant and how it might alter response patterns (Okamoto et al. 

2002). Moreover, there is work in which age differences are not the main exposure, but are included in the 

analysis as potential confounders; e.g., to control for partners’ characteristics (Barclay et al. 2020; Copas 

et al. 2009). Interest in age differences also extends to fields beyond epidemiology such as sociology and 

biology (e.g., McKenzie 2021; Kuna et al. 2018; Tidière et al. 2018). 

Intuitively, age differences are an appealing concept. They appear regularly in our everyday life. For 

instance, age differences between partners are a topic of conversation, and there are norms surrounding 

them (McKenzie 2021). Age differences between celebrities might garner considerable media attention, 

especially when they are perceived to deviate from these norms (Niccolai & Swauger 2021). Generally, age 

differences between partners vary between countries and cultures, and they have been changing over time 

(Ausubel et al. 2022; Dudel et al. 2021). Asking how such age differences are associated with health and 

other outcomes follows as an obvious question and is sometimes provided as a key motivation for studying 

age differences (e.g., Yu et al. 2024). 

There are, however, three major challenges when studying age differences. Similar issues have been 

recognized in other contexts, such as the analysis of age-period-cohort effects (Osmond & Gardner 1989; 

Kupper et al. 1989), or when studying a change in a variable in addition to the values of the very same 

variable at two points in time (Preston et al. 2013). However, they have received little attention in the 

literature studying, or accounting for, age differences. 

The first challenge is of statistical nature: there is a perfect collinearity between the two ages and the age 

difference. This is because the age difference is a function of the underlying ages. It is defined as the age 

of one person minus the age of another person; e.g., the age of the mother minus the age of the father. 

This makes it impossible to disentangle the individual association of these three variables with an outcome; 

or, technically speaking, only the effects of two of these three variables can be identified at the same time. 

Collinearity has received cursory mentions in the literature on age differences, but its consequences are 

usually not spelled out.  

Second, as we show in this paper, the age difference does not capture the interaction between the 

underlying ages. This might be counterintuitive, as the age difference is calculated from two other variables 

which might make it seem like an interaction term. Instead, interactions between ages need to be explicitly 

modelled by multiplicative terms or similar means. Moreover, in a standard regression setting, including 

the age difference in addition to one of the underlying ages will always yield the same goodness-of-fit as 

controlling for both ages instead, while coefficient sizes and statistical significance will vary. This makes it 
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difficult to justify the choice of variables solely from a statistical perspective, while at the same time the 

interpretation of results might differ depending on the choice. 

The third challenge derives from the first and the second: what is the substantive meaning of the age 

difference given that it is fully dependent on the underlying ages and does not capture their interaction? 

Given the two statistical issues described above, the choice of variables can only be decided on a 

substantive basis. As we argue in this paper, in some cases it is difficult to interpret findings on age 

differences without recurring to the underlying variables, making the age difference of little relevance. We 

also briefly discuss cases in which age differences can be of substantive interest themselves. Moreover, we 

argue that age and age differences are, ultimately, often proxies for other key variables, and that it is 

preferable to measure these key variables directly whenever possible.  

In this paper, we describe and discuss these three challenges in detail, and we provide a fully reproducible 

empirical example. It studies the maternal age, the paternal age, and the parental age difference as 

exposures and the risk of a low birth weight as the outcome. There is well-established evidence that both 

the maternal age and the paternal age impact child outcomes through several biological and social 

channels (Goisis et al. 2018; Andersen & Urhoj 2017), and recent research has started to study the 

relevance of age differences for child health outcomes at birth (Yu et al. 2024; Wang et al. 2024). Our 

example uses U.S. vital registration data for 2023 and it illustrates how analyses accounting for two ages 

and their interaction can be conducted, and that it is straightforward to infer the association of age 

differences with the outcome from such analyses if needed.   

The identification problem: take two, get one free  
Why is there perfect collinearity and why does it lead to statistical issues? As an example, we will consider 

the parental age difference calculated as the maternal age minus the paternal age, where both ages are 

measured in years. What follows applies to any age difference between two persons, where the ordering 

of persons can be either way, and it is only relevant for the sign of the effect of the age difference. In the 

example, the age difference could also be calculated as paternal age minus maternal age, and all results 

below would still hold. 

Perfect collinearity immediately follows from the definition of the age difference. Formally, let 𝐷 denote 

the parental age difference, 𝑀 the age of the mother, and 𝑃 the paternal age. They define each other 

through these equations:  

𝐷 = 𝑀 − 𝑃 

𝑀 = 𝐷 + 𝑃 

𝑃 = 𝑀 − 𝐷 

These equations show that once two of these variables are known, the third can be perfectly predicted.  

Perfect collinearity implies that it is not possible to identify the effects of all three variables on an outcome 

at once in a standard regression model. The issue is similar to the well-known identification problem for 

age-period-cohort models (Kupper et al. 1989). Specifically, the identification problem means that the 
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regression coefficients of a model controlling for age, period, and cohort (or ages and the age difference) 

are not uniquely identified: different sets of regression coefficients, with potentially drastically different 

meaning, are equivalent with respect to standard objective functions, such as in OLS or maximum 

likelihood, and with respect to many measures of goodness-of-fit. Thus, it is not possible to determine a 

unique set of optimal values for the coefficients.  

In case of the example of parental age and the parental age difference, the identification problem can be 

shown as follows. Let 𝛽𝑀, 𝛽𝑃, and 𝛽𝐷 denote coefficient estimates for the regression 

𝑌̂  = 𝛼 +  𝛽𝑀𝑀 +  𝛽𝑃𝑃 + 𝛽𝐷𝐷, 

where 𝑌̂ is the predicted value, and 𝛼 is the constant. This model can be reparametrized as  

𝛾𝑀 = 𝛽𝑀 + 𝜆  

𝛾𝑃 = 𝛽𝑃  − 𝜆 

𝛾𝐷 = 𝛽𝐷 − 𝜆 

where 𝜆 is an arbitrary constant; replacing 𝛽𝑀, 𝛽𝑃, and 𝛽𝐷 with 𝛾𝑀, 𝛾𝑃, and 𝛾𝐷 yields 

𝑌̂  = 𝛼 + 𝛾𝑀𝑀 + 𝛾𝑃𝑃 + 𝛾𝐷𝐷 

= 𝛼 + 𝛽𝑀𝑀 + 𝛽𝑃𝑃 + 𝛽𝐷𝐷 + 𝜆(𝑀 − 𝑃 − 𝐷) 

= 𝛼 + 𝛽𝑀𝑀 + 𝛽𝑃𝑃 + 𝛽𝐷𝐷. 

Thus, the two sets of coefficients lead to the very same predicted values, implying that the model is not 

uniquely identified, as standard objective functions will not differ.  

For instance, assume that 𝛼 = 0, 𝛽𝑀 = 1, 𝛽𝑃 = 1, and 𝛽𝐷 = 0.5; e.g., if the maternal age increases by one 

year, the outcome increases by one unit. Setting 𝑀 = 20 and 𝑃 = 25, which implies 𝐷 = −5, the predicted 

value is 𝑌̂ = 42.5. Setting 𝜆 = −20, we get 𝛾𝑀 = −19, 𝛾𝑃 = 21, and 𝛾𝐷 = 19.5. The coefficient for the 

maternal age now has a drastically different meaning: if the maternal age increases by one year, the 

outcome decreases by 19 units. However, 𝑌̂ still equals 42.5. 

Generally, given that 𝜆 can be set at any arbitrary value, this implies that there is an infinite number of 

solutions to this regression problem. This applies to any generalized linear model, such as logistic 

regression, and it applies to any set of additive non-linear functions of the predictors, not just the linear 

case shown here (e.g., Osmond & Gardner 1989).  

The identification problem cannot be solved or sidestepped. In case of the similar problem for age, period, 

and cohort, many solutions have been proposed. However, these all rely on more or less arbitrary, and 

often highly complex or hidden, assumptions (Bell 2020). These arbitrary assumptions have a big impact 

on the results (Robertson et al. 1999). Thus, no real solution exists.  

Figure 1 provides a graphical representation of the identification problem and the collinearity of the 

maternal age, the paternal age, and the parental age difference. For simplicity, we assume that there only 

three ages 1, 2, and 3 for both mothers and fathers, where age 1 might represent young individuals, 2 

middle-aged individuals, and 3 older individuals. All pairwise combinations of maternal age, paternal age, 

and the age difference are shown. Specifically, the left panel shows the maternal age on the x-axis and the 
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paternal age on the y-axis, while the middle panel uses the maternal age on the x-axis and the age 

difference on the y-axis; the right panel shows the paternal age on the x-axis and again the age difference 

on the y-axis. In all panels, each cell represents one combination of ages. These ages are also written in 

each cell, plus the age difference: (𝑀, 𝑃, 𝐷); e.g., the cell (2,1,1) refers to the case where the mother is in 

age group 2, the father is in age group 1, and the age difference is equal to 1. The cells are shown in different 

colors to make them easier to identify.  

As can be seen from Figure 1, all three panels contain the same cells, just arranged in different ways, and 

any pair of values (𝑀, 𝑃), (𝑀, 𝐷), or (𝑃, 𝐷) allows to identify the full cell (𝑀, 𝑃, 𝐷) in all panels. This indicates 

that a two-dimensional representation is sufficient, and that adding a third dimension would not contain 

any additional information, as it is already implied by the other two dimensions.  

Age differences are not interaction terms 
Given perfect collinearity and the identification problem, what variables should researchers include in their 

analysis? Using only one of the three variables is often unsatisfactory, and might induce bias. For instance, 

in an analysis of child outcomes and how they depend on the parents, the maternal age and the paternal 

age will likely both be relevant covariates; at the same time, they are likely highly correlated. Assuming 

that, in addition, the effect of both parental ages is non-negligible and has the same sign, only including 

one of the two will bias the coefficient for the included age away from zero.  

Thus, two of the three variables should be included. Three different combinations are possible. Researchers 

using the age of one person plus the age difference, instead of both ages, sometimes argue that using the 

age differences captures both underlying variables and how they might simultaneously shape outcomes, 

at least implicitly (e.g., Wang et al. 2024; Sandin et al. 2015). For instance, in case of the parental age 

difference calculated as maternal age minus paternal age, a value of -25 means that the father is 25 years 

older than the mother, and that there is a high likelihood that the mother is comparatively younger while 

the father is comparatively older, both with implications for child health outcomes and implying that the 

age difference captures, or at least proxies, both underlying ages. However, we show here that this is not 

true in a statistical sense.  

Continuing our example of parental age differences, in a linear model, controlling for the maternal age (𝑀) 

plus either the paternal age (𝑃) or the age difference (𝐷) is equivalent. Specifically, between the two 

regressions 

𝑌̂  = 𝛼 + 𝛽𝑀𝑀 + 𝛽𝑃𝑃 

and 

𝑌̂  = 𝛿 +  𝛾𝑀𝑀 +  𝛾𝐷𝐷, 

the following relations hold (De Stavola et al. 2006): 

𝛾𝑀 = 𝛽𝑀 + 𝛽𝑃 

𝛾𝐷 = 𝛽𝑃 
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𝛿 = 𝛼, 

allowing to transition from the first to the second equation, and conversely 

𝛽𝑀  = 𝛾𝑀 + 𝛾𝐷 

𝛽𝑃  = −𝛾𝐷. 

This means that there is a straightforward re-parametrization from one equation to the other, and both 

models will perform exactly similar with respect to metrics like R² and other measures of goodness-of-fit. 

Thus, having the age difference as a control in addition to maternal age does not capture more (or less) 

than controlling for the maternal age and the paternal age. This implies that the age difference does not 

function like a multiplicative interaction effect between the maternal age and the paternal age. Interaction 

effects need to be explicitly modelled, and we provide suggestions on how to do this in our empirical 

example. Moreover, it is not possible to decide between these two models (M-P vs. M-D) based on 

goodness-of-fit.  

Importantly, the coefficients for maternal age from the two models, 𝛽𝑀 and 𝛾𝑀, do not need to be equal, 

can be of different sign and magnitude, and can also have different standard errors and p-values. For 

instance, if 𝛽𝑀 = 𝛽𝑃 then 𝛾𝑀 will be twice as large as 𝛽𝑀. This means that, depending on the data, the 

choice of model could lead to different conclusions. In the supplementary materials we provide simulation 

results which demonstrate this for statistical significance. 

Similar results hold if we start from the paternal age as a covariate and either add maternal age or the 

parental age difference. Moreover, all of the above relations also hold for generalized linear models such 

as logistic regression; but they do not necessarily apply when 𝑀, 𝑃, and 𝐷 are not modelled linearly. 

Specifically, for such models, there is not necessarily a 1-to-1 mapping between the pairwise combinations 

of variables. This can apply, for instance, to piecewise constant models, in which age groups and/or groups 

of age differences are captured by dummies; e.g., a dummy for 𝑀 being in the range of 20 to 24 and 𝑃 

being in the range of 25 to 29, or 𝑀 being in the range of 20 to 24 and 𝐷 being in the range of -4 to 0. Even 

though there is no perfect translation between models in this case, in practice the different models often 

approximate each other quite well and have extremely similar goodness-of-fit, as we show in our example 

application. 

Substantive meanings of age differences 
The previous results show that all three pairwise combinations of the ages and the age difference are 

statistically equivalent. What perspective to choose? Generally, age is not a cause in itself, but other causes 

operate along age (Berzuini & Clayton 1994); for instance, age is highly correlated with many biological 

processes and social processes. Similarly, age differences might serve as proxies for other factors; for 

instance, the age difference between a pair of siblings is an indicator to what extent we can expect them 

to grow up in a similar environment with shared experiences (Hemminki et al. 2008); another example is 

power relations and imbalances between partners which might be proxied by the age difference 

(Adebowale 2018). The question then is what underlying factors we are interested in and to base the choice 

on these factors. Generally, directly measuring these underlying factors would be preferable compared to 
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using age and/or age differences as proxies, but might be difficult, whereas measuring age is 

straightforward.   

How does this apply to the example of parental age and child outcomes at birth? There is well-established 

evidence that both the maternal age and the paternal age impact child outcomes through several biological 

and social channels (Goisis et al. 2018). For instance, in case of an older mother, there is an increased risk 

of negative outcomes for the child due to biological reasons; in case of a young father, there might be an 

increased risk as the father might be less well economically established; these two factors might interact, 

perhaps the first makes the child more vulnerable to the second, or vice versa.  

This evidence could be used to argue that studying the parental age difference might be useful to 

understand the interplay of maternal and paternal age. However, as shown above, the age difference does 

not capture the interaction. Moreover, this argument does not assign any deeper meaning to the age 

difference beyond the underlying maternal and paternal age and how they might interact. Thus, in this 

example, it might be preferable to use the maternal age and the paternal age, and not the age difference, 

as the former have a much more straightforward interpretation. 

Example: low birth weight and parental age 

Data and methods 

As an example, we study the association between the maternal age and paternal age and the risk of a low 

birth weight in the United States in 2023. The example is fully reproducible and uses R (R Core Team 2025). 

Code is available on GitHub (https://github.com/christiandudel/age_difference), while the data is freely 

available from the National Bureau of Economic Research (https://www.nber.org/data/vital-statistics-

natality-data.html).  

The birth register contains information on all live births for which birth certificates have been filed in the 

U.S. during 2023. In our analysis, we only include births for which the mothers resided in the U.S.; for which 

both the maternal age and the paternal age are known (both measured in years); and for which the birth 

weight was recorded. This reduces the number of observations by around 10% and leaves us with 

3,214,954 births out of the total of 3,605,081 births. We consider a child to have low birth weight if the 

weight was below 2,500 grams (ICD-11 codes KA21.0, KA21.1, and KA21.2Z; WHO 2025).  

Using the U.S. birth register data, we fitted 9 logistic regression models. In all models, the outcome is a 

binary indicator of low birth weight. The first model accounts for the maternal age and the paternal age 

using only linear terms; the second model is non-linear and adds quadratic terms of maternal age and 

paternal age, as well as an interaction term of maternal age and paternal age, and a squared interaction; 

the third model is piecewise-constant and uses dummy variables for all combinations of 5-year age 

intervals, such as for mothers being 20 to 24 and fathers being 25 to 29. The fourth, fifth, and sixth model 

are similar to the first three, except that the paternal age is replaced with the parental age difference. 

Models seven to nine control for the paternal age and the parental age difference in a similar fashion. 

Results for models which include quadratic terms but no interactions are discussed in the supplementary 

https://github.com/christiandudel/age_difference
https://www.nber.org/data/vital-statistics-natality-data.html
https://www.nber.org/data/vital-statistics-natality-data.html
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materials. To visualize the results, we will use contour plots of the predicted probability of a low birth 

weight.  

Results 

Figure 2 shows a visualization of the raw data, similar to Figure 1. In the left panel, each cell represents a 

combination of maternal age and paternal age; for each age, the color indicates the unadjusted probability 

of a low birth weight, calculated only using the births with the exact combination of maternal and paternal 

age: dark blue indicates a low risk of a low birth weight, shades of green indicate a moderate risk, and 

yellow indicates a high risk. Age combinations which are represented with less than 30 observations are 

shown in grey, and age combinations which do not appear in the data are left blank. The middle panel can 

be read similarly, with the exception that the y-axis shows the parental age difference; and the right panel 

shows the parental age difference on the y-axis and the paternal age on the x-axis. In all three panels, 

outcomes for fathers aged 45 are shown as black lines, as an example how the three panels correspond to 

each other. In the left panel, the line is horizontal, in the middle panel it is diagonal, and in the right panel 

it is vertical.  

As can be seen from Figure 2, there is an increased risk for a low birth weight when the age of the mother 

is young or old; when the age of the father is young or old; or when both conditions apply (mother 

young/old and father young/old). With respect to age differences, both comparatively low and high age 

differences go along with an increased risk; moderate age differences, such as around -5 years, show both 

low and high levels of risk.   

Results of the logistic regression models are shown in Figure 3. Specifically, the predicted probability of a 

low birth weight is shown. All models are displayed on the same x-axis (maternal age) and y-axis (paternal 

age); for the models including the parental age difference, this means that the results were re-arranged. 

Unadjusted, raw results like in Figure 2 are shown as a reference at the bottom; as in Figure2, for the raw 

results cells with less than 30 observations are shown in grey. Predicted values are only shown for cells 

which are observed in the data.  

All linear models perform poorly. The predicted probabilities do not vary much for two reasons. First, the 

relationship between the maternal age/paternal age and outcomes at childbirth is often nonlinear and U- 

or J-shaped (e.g., Urhoj et al. 2017), and this also applies in this case. Fitting a straight regression line to 

such a pattern leads to lines which are horizontal or almost horizontal with a low slope; as a result, the 

predicted outcome does only increase very slightly with increasing maternal or paternal age. Second, the 

models do not capture the interaction of maternal and paternal, missing additional nuance. Models which 

include nonlinear terms but no interaction perform better than purely linear models, but worse than the 

more complex models; for details, see the supplementary materials.  

Both the nonlinear interacted models and the piecewise-constant models perform very well in capturing 

key properties of the data. This is also shown in model summary statistics such as the Akaike Information 

Criterion (AIC). In all cases, differences between using the paternal age or the age difference are non-

existent (linear) or marginal (non-linear, piecewise constant). For instance, for the piecewise constant 

models, the AIC equals 1,781,567 (maternal age, paternal age), 1,781,657 (maternal age, age difference), 
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and 1,781,740 (paternal age, age difference), respectively. For the linear models, the AIC is 1,785,619 in all 

cases and thus indicates a worse fit compared to the piecewise models.  

Conclusions 
Including age differences in a quantitative analysis should be considered carefully. Age differences do not 

capture the interaction of the underlying ages, and whether they are of substantive interest will depend 

on the application. In case of parental age differences and child outcomes we argue that age differences 

might provide a less useful perspective on the outcome than the maternal age and the paternal age. 

Irrespective of the choice of variables, explicitly modelling their interaction is crucial. Contour plots provide 

an effective way for representing and interpreting the results, as shown by our example and by earlier work 

(e.g., Yu et al. 2024; Bille et al. 2005). While this paper focuses on age and the age difference as the key 

exposure of interest, our recommendations also apply to cases in which they are used as additional control 

variables and in which they are not of a major concern themselves. Overall, our paper shows that 

researchers should take great care to consider how they handle age differences in their analysis. 
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Figure 1: A graphical representation of the identification problem. To keep this example simple, there are three maternal and 
paternal ages (1, 2, 3). Each cell represents one combination of maternal (M) and paternal (P) age, as well as the implied age 
difference (D). They are shown in each cell as (M,P,D). Colors are used to distinguish cells. All pairwise combinations of maternal 
age, paternal age, and the age difference are shown. Specifically, the left panel shows the maternal age on the x-axis and the 
paternal age on the y-axis, while the middle panel uses the maternal age on the x-axis and the age difference on the y-axis; the 
right panel shows the paternal age on the x-axis and again the age difference on the y-axis.  
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Figure 2: Unadjusted probability of a low birth weight (<2500g) by maternal age (M), paternal age (P), and the parental age difference (M-P). Cells with less than 30 observations shown 
in grey.
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Figure 3: Predicted risk of low birth weight. "M+P" controlling for maternal and paternal age, “M+D” controlling for maternal age 
and parental age difference, and “P+D” controlling for paternal age and parental age difference. 
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Supplementary materials – simulation results 
As discussed in the main text, the results of statistical inference can depend on the parametrization; for 

instance, the coefficient for the effect of the maternal age could be statistically significant at the 5% level 

when also controlling for the parental age difference, but not when controlling for the paternal age instead.  

To show this, we generated data sets in which the data generating process for risk of a low birth weight (or 

any binary outcome) is derived from a linear probability model with 

𝑊𝑖 = 0.07 + 0.0005𝑀𝑖 + 0.00075𝑃𝑖 + 𝜖𝑖, 

where 𝑊𝑖 is the risk of observation 𝑖 to have low birth weight; 𝑀𝑖 and 𝑃𝑖 are the maternal and paternal age 

of observation 𝑖, respectively; and 𝜖𝑖 is a random term. Given a sample size 𝑁, we draw random and 

independent ages for the mother and the father from a uniform distribution on the integers of 20 to 45; 

and 𝜖𝑖 is drawn from a folded normal distribution with expectation zero and a standard deviation of 0.1. 

For each observation, we randomly set a binary variable to one – i.e., low birth weight – with probability 

𝑊𝑖.  

We create data sets for sample sizes of 250, 500, 750, …, 100,000; and for each sample size, we create a 

total of 500 data sets. On each data set, we calculate logistic regression models controlling either for 𝑀  

and 𝑃, or for 𝑀 and 𝐷. For each sample size, we provide two sets of results: the average p-value of the 

coefficient for 𝑀 over all 500 data sets of the same sample size; and the probability that the p-value for 𝑀 

is below the conventional 5% threshold in the model controlling for 𝑀 and 𝐷 but not in the model 

controlling for 𝑀  and 𝑃, also over all 500 data sets. 

Results are shown in Figure S1. In the upper panel, it can be seen that the p-value of the coefficient for 𝑀 

drops much faster below 5% (shown as a dashed grey line) in the model accounting for 𝑀 and 𝐷 compared 

to the model controlling for 𝑀 and 𝑃. On average, the 𝑀-𝐷 model reaches a p-value below 5% around a 

sample size of 17,000 observations, while for the 𝑀-𝑃 model this only happens around 52,000 

observations. The consequence of this is shown in the lower panel: assume a researcher would base their 

decision of the importance of maternal age mainly on whether the coefficient is statistically significant at 

the 5% level. The results show that given the simulation setup, for a large range of sample sizes, there is a 

probability of up to 50% that the two different models lead to different conclusions.  

This result does depend on the coefficients for 𝑀 and 𝑃, and it is possible to generate scenarios in which 

both types of models yield very similar results, or in which both models are even further apart. In an 

applied setting, a researcher will only know when explicitly comparing models. As shown in our example 

in the main text, this issue does not apply when using models properly accounting for interactions because 

these will usually lead to very similar results irrespective which combination of age and/or age difference 

is used.  
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Figure S1: Simulation results. Upper panel shows p-value of the coefficient of M in the model controlling for maternal age and the age difference (red) and the model controlling for the 
maternal age and the paternal age (M-P; blue); 5% threshold shown as dashed horizontal line. The lower panel shows the proportion of simulations in which the coefficient for maternal 
age is significant for the M-D model but not for the M-P model. 
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Supplementary materials – non-linear models without 

interaction 
Figure S2 shows result similar to Figure 3 in the main text. On the left side, it includes the results from the 

nonlinear models with interaction terms which are shown in the rightmost column in Figure 3. In the right 

column, it includes nonlinear models which include quadratic terms for both predictors, but no interaction. 

While the nonlinear, interacted models on the left all provide very similar results, the nonlinear models 

without interaction perform very differently. While the model including the maternal age and the age 

difference is not far off from the interacted model, this is not true for the other two variants. In particular, 

controlling for the paternal age and the age difference without interaction misses key features.  
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Figure S2: Prediced probability of low birth weight by maternal age and paternal age, based on nonlinear models with interaction 
(left) vs. nonlinear models without interaction (right). 

  

 

 

 


