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Section A The model and the main quantities of 1

interest 2

Our main structural model is shown in Fig A. This model underpins our method that 3

we refer to as MA-GREML: Mediation Analysis using Genome-based Restricted 4

Maximum Likelihood (GREML). In this model, G and G∗ are genetic components, M is 5

the mediating factor, E and E∗ are environmental components, and Y is the outcome. 6

Without loss of generality, all latent variables (i.e., G, G∗, E, E∗) are assumed to have 7

mean zero and both E and E∗ are assumed to have unit variance. The covariance of E 8

(E∗) between two individuals is equal to zero (i.e., there is no correlation in 9

environmental factors across individuals). The covariance structure of both G and G∗ is 10

shaped directly by the so-called genomic-relatedness matrix (GRM). That is, the 11
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variance of G (resp. G∗) for a given individual equals the corresponding diagonal 12

element from the GRM and the covariance of G (G∗) between two individuals is equal 13

to the corresponding off-diagonal element of the GRM. Moreover, these four latent 14

variables are assumed to be uncorrelated. In addition, we stress that both G and G∗
15

constitute ‘additive genetic factors’: they are aggregates across single-nucleotide 16

polymorphisms (SNPs), and not about individual SNPs. More technically, G and G∗
17

can be conceptualised as linear combinations of all available SNPs. If G and G∗ were to 18

be observed at the individual level, these would constitute so-called breeding values. 19

The model comprises six path coefficients. Our study revolves around two core 20

quantities that can be defined as functions of these path coefficients. First, we go over 21

the definition of these core quantities. Second, we provide intuition about what these 22

quantities reflect. The definitions are as follows: 23

1. The mediated genetic variance of Y :
(
a2 + g2

)
b2; 24

2. The non-mediated genetic variance of Y : c2. 25

From the perspective of a classical regression-based mediation analysis, (i) the mediated 26

genetic variance of Y can be conceptualised as the indirect effect and (ii) the 27

non-mediated genetic variance of Y can be thought of as the direct effect. Both effects 28

are about the contribution of additive, random effects of SNPs to variation in Y . From 29

the perspective of the literature on classical mediation analysis, these quantities could 30

also be referred to as squared direct/indirect effects. However, for brevity we just refer 31

to these quantities as the direct and indirect effect, both here and in the main text. 32

The indirect effect is zero if a = g = 0 or b = 0 (or both). In this case, the genetic 33

variance of Y is not mediated by M . The direct effect is zero if c = 0. In that case, the 34

genetic variance of Y is fully mediated by M . If both the indirect and direct effect are 35

zero, outcome Y has no genetic variance. In that case, the SNP-based heritability 36

(h2
SNPs) of Y is zero. Finally, in case b ̸= 0, c ̸= 0, and a ̸= 0 and/or g ̸= 0, the genetic 37

variance of Y is partially mediated by M . 38

A conceptual complication arises here because we analyze contributions to variances 39

rather than contributions to expectations. More specifically, if the genetic component of 40

Y can be written as δ + γ, where δ denotes the direct component and γ the indirect 41

component, then the genetic variance of Y equals Var (δ) + Var (γ) + 2Cov (δ, γ), where 42
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Fig A. Structural equation model (SEM) for mediation analysis using
GREML (MA-GREML), to quantify to which extent the genetic component
of trait Y affects trait Y through trait M. G and G∗ are latent genetic factors, E
and E∗ are latent environmental factors, M is the observed mediator, Y is the observed
outcome, (a2 + g2)b2 is the genetic variance of Y that is mediated by M (indirect
effect), and c2 is the genetic variance of Y that is not mediated by M (direct effect);
Full mediation: direct effect = 0 and indirect effect > 0; Partial mediation: direct and
indirect effect both > 0; No mediation: direct effect > 0 and indirect effect = 0.

Var (δ) = c2, Var (γ) =
(
a2 + g2

)
b2, and Cov (δ, γ) is the covariance between the direct 43

and indirect component. Clearly, the model in Fig A allows for a non-zero covariance 44

between δ and γ, as G affects Y directly as well as indirectly via M whenever abc ̸= 0. 45

Thus, although
(
a2 + g2

)
b2 reflects the indirect effect and c2 the direct effect, the total 46

genetic variance of Y will typically differ from the sum of these two parts. This 47

property of our model is presented more formally in Section B. 48

Section B Structural equations and implied 49

variances and covariances 50

The model in Fig A simply assumes that M is a linear combination of G, G∗, and E∗,

and in turn that Y is a linear combination of M , G, and E. More specifically, the
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following two structural equations hold for M and Y :

M = Ga+G∗g + E∗f ; (1)

Y = Mb+Gc+ Ee. (2)

Now, by substituting M in Eq. 2 by the right-hand side of Eq. 1, we can rewrite the

equation for Y as follows:

Y = (Ga+G∗g + E∗f) b+Gc+ Ee (3)

= Gab+G∗gb+ E∗fb+Gc+ Ee (4)

= G (ab+ c) +G∗gb+ E∗fb+ Ee. (5)

Thus, we now have equations for both M and Y describing them as linear combinations

of only the latent components G, G∗, E, and E∗. Recall that these components are

assumed to be uncorrelated, have mean zero, and unit variance. Moreover, we assume

fixed parameters (i.e., non-random path coefficients). Under these assumptions (and

using the identities E [A+B] = E [A] + E [B] and E [Aw] = E [A]w for random

variables A and B and scalar w) we have that

E [M ] = E [G] a+ E [G∗] g + E [E∗] f = 0a+ 0g + 0f ≡ 0, and (6)

E [Y ] = E [G] (ab+ c) + E [G∗] gb+ E [E∗] fb+ E [E] e (7)

= 0 (ab+ c) + 0gb+ 0fb+ 0e ≡ 0. (8)

That is, mediator M and outcome Y have mean zero. Now, recalling a standard result

from probability theory that for a random variable A with E [A] = 0 we have that

Var (A) = E
[
A2

]
, we can write the variance of M as follows:

Var (M) = E
[
(Ga+G∗g + E∗f)

2
]

(9)

= E
[
G2a2 +GG∗2ag +GE∗2af + (G∗)

2
g2 +G∗E∗2gf + (E∗)

2
f2

]
(10)

= E
[
G2

]
a2 + E [GG∗] 2ag + E [GE∗] 2af + E

[
(G∗)

2
]
g2

+ E [G∗E∗] 2gf + E
[
(E∗)

2
]
f2. (11)
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Recalling another result from probability theory which states Cov (A,B) = E [AB] for

random variables A and B in case E [A] = E [B] = 0, we can rewrite the variance of M

as follows:

Var (M) = Var (G) a2 +Cov (G,G∗) 2ag +Cov (G,E∗) 2af +Var (G∗) g2

+Cov (G∗, E∗) 2gf +Var (E∗) f2 (12)

= Var (G) a2 +Var (G∗) g2 +Var (E∗) f2 (13)

= 1a2 + 1g2 + 1f2 (14)

= a2 + g2 + f2. (15)

Notice that all the covariance terms between latent components on the right-hand side 51

have disappeared because these latent components are assumed to be uncorrelated. 52

This disappearance of covariance terms also applies when deriving the implied variance 53

of Y as well as the covariance between M and Y . In further derivations, to avoid undue 54

repetition, we skip the intermediate step that makes covariances between latent 55

components explicit. Also observe that Var (G) = Var (G∗) = 1, as the genomic 56

relatedness of an individual with itself is on average equal to one. 57

For the genetic variance and environmental variance of M we have that

VarG (M) = a2 + g2, and (16)

VarE (M) = f2. (17)
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Analogously, for Y we have

Var (Y ) = E
[
(G (ab+ c) +G∗gb+ E∗fb+ Ee)

2
]

(18)

= Var (G) (ab+ c)
2
+Var (G∗) g2b2 +Var (E∗) f2b2 +Var (E) e2 (19)

= 1 (ab+ c)
2
+ 1g2b2 + 1f2b2 + 1e2 (20)

= (ab+ c)
2
+ g2b2 + f2b2 + e2, (21)

VarG (Y ) = (ab+ c)
2
+ g2b2 (22)

= a2b2 + c2 + 2abc+ g2b2 (23)

=
(
a2 + g2

)
b2 + c2 + 2abc, and (24)

VarE (Y ) = f2b2 + e2. (25)

Here, it can be observed that the genetic variance of Y indeed comprises the direct

effect (i.e., c2), the indirect effect (i.e.,
(
a2 + g2

)
b2), as well as the previously alluded to

covariance term, which equals 2abc. For the covariance of M and Y , we have that

Cov (M,Y ) = E [MY ] (26)

= E [(Ga+G∗g + E∗f) (G (ab+ c) +G∗gb+ E∗fb+ Ee)] (27)

= E
[
G2

]
a (ab+ c) + E

[
(G∗)

2
]
g2b+ E

[
(E∗)

2
]
f2b (28)

= Var (G) a (ab+ c) + Var (G∗) g2b+Var (E∗) f2b (29)

= 1a (ab+ c) + 1g2b+ 1f2b (30)

= a (ab+ c) + g2b+ f2b (31)

= a2b+ ac+ g2b+ f2b (32)

=
(
a2 + g2 + f2

)
b+ ac. (33)

Moreover, the genetic covariance and environmental covariance between M and Y are

as follows:

CovG (M,Y ) =
(
a2 + g2

)
b+ ac, and (34)

CovG (E, Y ) = f2b. (35)
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These expressions immediately reveal that it is not possible to use the ratio of the total

covariance and the total variance of M to obtain b. After all, for that ratio we have:

Cov (M,Y )

Var (M)
=

(
a2 + g2 + f2

)
b+ ac

a2 + g2 + f2
(36)

= b+
ac

a2 + g2 + f2
̸= b. (37)

This formulation reveals that G effectively serves as a confounder of the association

between M and Y when considering their total covariance. Thus, a standard approach

such as ordinary least squares (OLS) to estimate the regression coefficient of M with

respect to Y will fail to consistently estimate b. This observation brings us to the core

of our identification strategy: We use the environmental variance and covariance to

obtain an estimator of b. More specifically, we have that:

CovE (M,Y )

VarE (M)
=

f2b

f2
≡ b. (38)

The crucial assumption underpinning this strategy is that our fixed-effect covariates 58

(i.e., factors that we control for in the estimation procedure) include all relevant 59

confounders. Indeed, inter-generational transfers and cultural transmissions pose a big 60

challenge to mediation models such as the one presented here. This limitation will be 61

further discussed in Section H. 62

Section C From variance components to path 63

coefficients 64

As in the main text, let σG
MM denote the genetic variance of M , σG

MY the genetic

covariance of M and Y , and let σE
MM and σE

MY be defined analogously for the

environmental (co)variance. Finally, let σG
Y Y (resp. σE

Y Y ) denote the genetic

(environmental) variance of Y . Also, observe that these genetic variances and

covariances can be readily estimated using the software tools GCTA and MGREML.

The expressions for genetic and environmental (co)variances found in Section B can be
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summarised as follows:

σG
MM = a2 + g2, (39)

σG
Y Y =

(
a2 + g2

)
b2 + c2 + 2abc, (40)

σG
MY =

(
a2 + g2

)
b+ ac, (41)

σE
MM = f2, (42)

σE
Y Y = f2b2 + e2, (43)

σE
MY = f2b. (44)

Section C.1 Identification 65

For MA-GREML, the path coefficient are not of prime interest. Rather, we are 66

interested in the direct effect and the indirect effect. Thus, we only need to find 67

expressions for the path coefficients (or transformations thereof) that are needed to 68

identify those two effects. In fact, in our model, only path coefficient b is fully identified, 69

provided f ̸= 0 (i.e., there is environmental variance in M—a requirement we assume to 70

hold in the derivations). Path coefficients c, f , and e are always identified, except for 71

the sign (e.g., a model which gives ê as estimate for e has identical fit to a model 72

returning −ê as estimate for e). Put differently, in our model b, c2, f2, and e2 are 73

uniquely identified. Interestingly, in case c = 0 (i.e., the direct effect is zero), we can 74

identify a2 + g2, but we cannot identify a2 and g2 separately. However, this seeming 75

lack of identification when c = 0 has no bearing on the identification of the direct effect 76

and the indirect effect. 77

Section C.2 Mapping of variance components to path 78

coefficients 79

Here, using Eq 39–44, we map the variance components (VCs) to a2, b, c2, e2, f2, and

g2. The estimate for f2 is most straightforward to derive, and equals the environmental

component of mediator M :

f2 = σE
MM . (45)
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Using this equivalence, we obtain:

b =
σE
MY

f2
=

σE
MY

σE
MM

. (46)

By combining the expression for the environmental variance of Y with Eq 45, and

Eq 46, we obtain:

e2 = σE
Y Y − f2b2 = σE

Y Y − (σE
MY )

2

σE
MM

. (47)

To solve for c2, we first observe from substituting the expression for σG
MY into the 80

expression for σG
Y Y that: 81

c2 = σG
Y Y − σG

MY b− abc. (48)

An expression for abc can be obtained by substituting the expression for σG
MM into the 82

expression for σG
MY : 83

ac = σG
MY − σG

MMb, (49)

and by multiplying both sides of the resulting expression by b: 84

abc = σG
MY b− σG

MMb2. (50)

Insertion of Eq 48 into Eq 50 yields: 85

c2 = σG
Y Y − σG

MY b−
(
σG
MY b− σG

MMb2
)
= σG

Y Y + σG
MMb2 − 2σG

MY b. (51)

With our expression for b from Eq 46, we obtain: 86

c2 = σG
Y Y + σG

MM

(
σE
MY

σE
MM

)2

− 2σG
MY

σE
MY

σE
MM

. (52)

Using the expressions for c2 and ac, and given c2 > 0 we can derive that: 87

a2 = a2
c2

c2
=

(ac)2

c2
=

(
σG
MY − σG

MM
σE
MY

σE
MM

)2

σG
Y Y + σG

MM

(
σE
MY

σE
MM

)2

− 2σG
MY

σE
MY

σE
MM

. (53)
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Finally, we obtain from the expression for σG
MM : 88

g2 = σG
MM − a2 = σG

MM −

(
σG
MY − σG

MM
σE
MY

σE
MM

)2

σG
Y Y + σG

MM

(
σE
MY

σE
MM

)2

− 2σG
MY

σE
MY

σE
MM

. (54)

Together, these expressions facilitate a mapping from the VCs being estimated using 89

bivariate GREML to the parameters of the structural model in Fig A. 90

Section C.3 The direct effect and indirect effect 91

We now use the mapping of VCs to path coefficients to write the direct effect and the 92

indirect effect as functions of the variance components. The direct effect of the additive 93

genetic component of Y that does not run through M is given by c2. We have derived 94

an expression for this in Eq 52: 95

c2 = σG
Y Y + σG

MM

(
σE
MY

σE
MM

)2

− 2σG
MY

σE
MY

σE
MM

. (55)

The effect of the additive genetic component of Y on Y through M is given by 96

(a2 + g2)b2. Using the expressions for a2, b, and g2 from Eq 46, Eq 53, and Eq 54, we 97

can rewrite this indirect effect as: 98

(a2 + g2)b2 = σG
MM

(
σE
MY

σE
MM

)2

. (56)

Observe that for identification of the direct and indirect effect, we only require f ̸= 0 99

(i.e., there is environmental variance in M). In case c = 0 (i.e., full mediation), all path 100

coefficients are still identified, except for a2 and g2. However, even in this case, a2 + g2 101

is still identified. Therefore, even if there is full mediation, b, the direct effect, and the 102

indirect effect can all still be quantified. 103

Section C.4 Variances of the estimated parameters of interest 104

A bivariate GREML model that properly controls for confounding variables enables the 105

estimation of VCs that can be transformed to estimates of the parameters in the 106

underlying structural model. Here, we use a delta method to obtain the approximate 107

variance (standard error; SE) of the estimators of prime interest: The genetic variance 108
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of outcome Y and mediator M , the indirect effect (a2 + g2)b2, the direct effect c2, and 109

the effect b of M on Y . We also derive the variance of the estimated proportion of the 110

genetic variance of Y that is explained by the direct effect c2 (i.e., the proportion of the 111

additive genetic factor of Y not running through mediator M). 112

To obtain the variances, we need to compute the (partial) derivatives of the

parameters. Deriving the variance of the genetic variance of outcome Y and mediator

M is straightforward, as both are defined by a single VC, respectively σG
Y Y and σG

MM .

Given the expression of the variance accounted for by the indirect effect as function of

the VCs, we have the following partial derivatives for (a2 + g2)b2 with respect to the

underlying VCs:

∂(a2 + g2)b2

∂σG
MM

=

(
σE
MY

σE
MM

)2

, (57)

∂(a2 + g2)b2

∂σE
MY

= 2σG
MM

σE
MY

(σE
MM )2

, and (58)

∂(a2 + g2)b2

∂σE
MM

= −2σG
MM

(σE
MY )

2

(σE
MM )3

. (59)

Putting these partial derivatives in gradient vector g and taking the rows and columns

from the variance matrix of the estimated VCs corresponding to σG
MM , σE

MY , and σE
MM

respectively, and storing these in 3×3 matrix V, we can now calculate the approximated

variance of ̂(a2 + g2)̂b2 as g⊤Vg. Accordingly, for the direct effect c2 we have:

c2 = σG
Y Y − 2σG

MY

σE
MY

σE
MM

+ σG
MM

(
σE
MY

σE
MM

)2

(60)

∂c2

∂σG
MM

= b2 (61)

∂c2

∂σG
MY

= −2b (62)

∂c2

∂σG
Y Y

= 1 (63)

∂c2

∂σE
MM

=
2

σE
MM

(
σG
MY b− σG

MMb2
)

(64)

∂c2

∂σE
MY

=
2

σE
MY

(
σG
MMb2 − σG

MY b
)

(65)

∂c2

∂σE
Y Y

= 0. (66)
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For the proportion of the genetic variance Y explained by the direct effect c2 we have:

c2

σG
Y Y

= 1− 2
σG
MY

σG
Y Y

σE
MY

σE
MM

+
σG
MM

σG
Y Y

(
σE
MY

σE
MM

)2

(67)

∂c2

∂σG
MM

=
b2

σG
Y Y

(68)

∂c2

∂σG
MY

= − 2b

σG
Y Y

(69)

∂c2

∂σG
Y Y

=
2σG

MY b− σG
MMb2

(σG
Y Y )

2
(70)

∂c2

∂σE
MM

=
2

σE
MMσG

Y Y

(
σG
MY b− σG

MMb2
)

(71)

∂c2

∂σE
MY

=
2

σE
MY σ

G
Y Y

(
σG
MMb2 − σG

MY b
)

(72)

∂c2

∂σE
Y Y

= 0. (73)

Finally, for b, we obtain:

b =
σE
MY

σE
MM

(74)

∂b

∂σE
MM

= − b

σE
MM

(75)

∂b

∂σE
MY

=
1

σE
MM

. (76)

Section D The idiosyncratic components G∗ and E∗
113

Here, we discuss why the mediation model needs idiosyncratic components G∗ and E∗. 114

First, the inclusion of G∗ is necessary for the model to be appropriately specified 115

whenever M and Y have an imperfect genetic correlation. In a model without G∗, the 116

genetic component of M can be written as Ga and the genetic component of Y as 117

G (ab+ c). Thus, Y and M are then both affected only by a single shared genetic 118

factor. Therefore, without G∗, the model would enforce a perfect genetic correlation 119

between M and Y , irrespective of whether there is no mediation, partial mediation, or 120

full mediation. As a consequence, without G∗, any genetic correlation estimate between 121

M and Y that differs significantly from ±1 would be evidence that the model is 122

misspecified, providing neither an appropriately specified model nor evidence about the 123

degree of mediation. 124
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By including G∗, mediated genetic variance and an imperfect genetic correlation 125

between M and Y can coexist. For example, coefficient a can be relatively small, 126

whereas c, g and b can be of considerable magnitude. In that case, G contributes 127

considerably to the non-mediated genetic variance of Y but not so much to the genetic 128

correlation between Y and M , whereas G∗ contributes both to the mediated genetic 129

variance of Y as well as the genetic correlation between M and Y . 130

It could be argued that it is desirable for the mediation model to include an 131

additional idiosyncratic genetic component, G̃, that affects only M , but not Y , not even 132

indirectly. However, an additional factor of that nature would violate a core assumption 133

in the mediation framework—in that case, M effectively becomes a composite trait of 134

which one part has effect b on Y whereas another part of M has no effect on Y at all. 135

The mediation framework, however, assumes M has effect b on Y , without making any 136

distinction between different sources of variation in M . Even though the main model in 137

this study does not include the aforementioned additional component G̃, the model is 138

still sufficiently versatile to incorporate some ‘cancelling out’. For example, consider the 139

case where c = −ab. In that case, the total effect of component G on Y is zero (i.e., the 140

total effect equals ab+ c = ab− ab = 0), while its effect on M is still given by a. Thus, 141

our model does permit some of the genetic variance to ‘exclusively’ affect M , under the 142

constraint that the following assumption is not violated: M has effect b on Y , 143

irrespective of the sources of variance in M . 144

Finally, our model also permits Y to have idiosyncratic genetic variance that is not 145

shared with M . To illustrate this is indeed possible, consider the case where a = 0: G 146

then exclusively affects Y . A more general approach in which Y has its own 147

idiosyncratic genetic factor G′ is investigated in Section E. 148

Regarding E∗, this idiosyncratic factor is necessary for the identification of b. That

is, as shown before, b can be written as follows:

b =
σE
MY

σE
MM

. (77)

This expression reveals that a non-zero environmental variance of M (after controlling 149

for relevant confounders that might otherwise lead to an omitted variable bias) is 150

needed to estimate the effect of M on Y . Thus, we need an environmental component 151
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for M , which we denote by E∗ and which we assign path coefficient f . This component 152

is present (i.e., with f ̸= 0) in case two conditions are met: (i) M has h2
SNPs < 100% 153

even (ii) when controlling for relevant confounders. That is, the residual variance in M 154

is non-zero. Empirically, these are reasonable conditions: h2
SNPs estimates for most 155

traits are well below 50%, even when controlling for a considerable number of potential 156

confounders. 157

To conclude, with components G∗ and E∗ we obtain a model that is sufficiently 158

versatile to incorporate various genetic architectures (in terms of h2
SNPs of M and that 159

of Y , and the genetic correlation between M and Y ) as well as various degrees of 160

mediation of the genetic variance of Y by M . 161

Section E An idiosyncratic genetic factor for Y 162

A drawback of the SEM in Fig A is that Y has no idiosyncratic genetic factor (i.e., a 163

factor which has no bearing on M). This is somewhat different than in typical SEMs, 164

where each observed trait not only has its own idiosyncratic environmental factor 165

(which is the case in our main model, in the form of E∗ for M and E for Y ), but also 166

its own idiosyncratic genetic factor. In Fig B, we generalize our main model accordingly: 167

this model incorporates an idiosyncratic genetic factor G′ for Y , with path coefficient d. 168

Under this model, the direct effect now also comprises contribution d2 from 169

idiosyncratic factor G′. Thus, the ‘total’ direct effect can here be defined as c2 + d2. 170

Although the SEM in Fig B is statistically indistinguishable from that in Fig A (i.e., 171

both yield the same fit), conceptually they do differ—in case all coefficients are non-zero, 172

the SEM in Fig B assigns to Y an idiosyncratic genetic signal, whereas the SEM in Fig 173

A only permits Y to have genetic signal that is always shared to some degree with M . 174

Interestingly, if the model in Fig B holds true, MA-GREML still yields consistent 175

estimates of the direct and indirect effect. We show this from two perspectives, viz, (i) 176

mapping the SEM in Fig B to the SEM in Fig A with coefficients that yield identical fit 177

and then investigating the direct effect and indirect effect under this identical-fit model, 178

and (ii) evaluating what the direct effect and indirect effect boil down to as function of 179

the VCs under the SEM in Fig B. 180
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Perspective i. The fact that the SEMs in Fig B and Fig A are statistically

indistinguishable is illustrated by the existence of the following mapping from the

coefficients of the SEM in Fig B to those of the SEM in Fig A:

c∗ = sign (c)
√
c2 + d2, (78)

a∗ =
ac

c∗
, and (79)

g∗ =

√
g2 + a2 − (a∗)

2
. (80)

The coefficients for the SEM in Fig A (asterisk notation) yield the same genetic and 181

environmental variance matrix for M and Y as the SEM in Fig B. Yet, again, we stress 182

that the conceptual difference between the two models persists. 183

If we stick with this latter set of coefficients for the SEM in Fig A (denoted by the

asterisks), the direct effect and indirect effect are defined as follows:

direct effect =
(
(a∗)

2
+ (g∗)

2
)
b2 (81)

=

((ac
c∗

)2

+ g2 + a2 −
(ac
c∗

)2
)
b2 (82)

=
(
a2 + g2

)
b2 (83)

indirect effect = (c∗)
2

(84)

=
(
sign (c)

√
c2 + d2

)2

(85)

= c2 + d2. (86)

That is, the direct effect and indirect effect defined in terms of the coefficients of the 184

SEM in Fig A boil down to the appropriate functions of coefficients of the SEM in Fig B. 185

Perspective ii. First observe that under the covariance structure implied by the 186

model in Fig B, Eq 39–Eq 44 still hold true, except for Eq 40 which describes how σG
Y Y 187

relates to the path coefficients. This equation changes into: 188

σG
Y Y =

(
a2 + g2

)
b2 + c2 + d2 + 2abc. (87)
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As the equations for σE
MY and σE

MM have not changed, their ratio (see Eq 46) still 189

yields a consistent estimator of b. Moreover, as σG
MM also remains unchanged, the 190

expression for the indirect effect in Eq 56 remains valid. 191

For the direct effect, we recall from Eq 55 that MA-GREML estimates this direct 192

effect as follows: 193

direct effect = σG
Y Y + σG

MM

(
σE
MY

σE
MM

)2

− 2σG
MY

σE
MY

σE
MM

. (88)

Substituting the expressions for the VCs in terms of the parameters enables writing the

direct effect according to MA-GREML as follows:

direct effect =
(
a2 + g2

)
b2 + c2 + d2 + 2abc+

(
a2 + g2

)
b2 − 2

((
a2 + g2

)
b+ ac

)
b

= 2
(
a2 + g2

)
b2 + c2 + d2 + 2abc− 2

(
a2 + g2

)
b2 − 2abc

= c2 + d2.

Thus, indeed, as desired, MA-GREML still provides a consistent estimator of b, the 194

direct effect, and the indirect effect, with the only condition being that the definition of 195

the direct effect has slightly changed: this definition now also includes the contribution 196

of G′. This change is not problematic because the genetic variance contributed by G′
197

indeed is not mediated by M . 198

To further validate these derivations, we performed simulations using the design 199

described in Section I, but with additional factor G′ that only affects Y with weight 200

d = 1, and setting all other coefficients also equal to one (i.e., 201

a = b = c = e = f = g = 1). Here, the true direct effect equals c2 + d2 = 2 and the true 202

indirect effect equals
(
a2 + g2

)
b2 = 2. Across 100 runs, the average estimates are as 203

follows: b̂ = 0.998 (SE= 0.014), ̂direct effect = 2.012 (SE= 0.051), and 204

̂indirect effect = 1.989 (SE= 0.064). These results align very closely with our 205

expectations. Additional parameter estimates averaged across the runs are as follows: 206

σ̂G
MM = 1.998 (SE= 0.040), σ̂G

Y Y = 6.011 (SE= 0.106), h2
Y = 0.751 (SE= 0.006), 207

h2
M = 0.667 (SE= 0.008), ρ̂GMY = 0.866 (SE= 0.004). Here, h2 denotes SNP-based 208

heritability and ρG genetic correlation (with the trait(s) denoted by the subscript(s)). 209

Results per run can be found in Table F in S1 Data. 210
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G* M

Y
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c
G
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E*
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g

f

G'
d

Fig B. Generalized structural equation model (SEM) for mediation analysis
using GREML (MA-GREML), to quantify to which extent the genetic
component of trait Y affects trait Y through trait M. G, G∗, and G′ are latent
genetic factors, E and E∗ are latent environmental factors, M is the observed mediator,
Y is the observed outcome, (a2 + g2)b2 is the genetic variance of Y that is mediated by
M (indirect effect), and c2 + d2 is the genetic variance of Y that is not mediated by M
(direct effect); Full mediation: direct effect = 0 and indirect effect > 0; Partial
mediation: direct and indirect effect both > 0; No mediation: direct effect > 0 and
indirect effect = 0.

a b

c
G

g
Mg

Yg1

1

1
d

UM

UY

Fig C. Genomic SEM implementation of structural equation model (SEM)
shown in Fig B, to quantify to which extent the genetic component of trait
Y affects trait Y through trait M. Mg (resp. Yg) denotes the mediator M
(outcome Y ) for which we have genome-wide association study summary statistics, UM

(resp. UY ) denotes an idiosyncratic genetic factor for M (Y ), G is a shared genetic
factor that directly affects both M and Y .
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Section F Mediation analysis using Genomic SEM 211

Genomic SEM uses genome-wide association study (GWAS) summary statistics to 212

analyze the joint genetic architecture of complex traits. It is a very flexible two-stage 213

structural equation modelling tool that allows users to estimate various models 214

involving forms of mediation [1]. 215

For instance, an online tutorial illustrates how Genomic SEM can be used to assess if 216

ADHD affects income only directly, or whether part of the relation between income and 217

ADHD is mediated by educational attainment. In this example, there are three traits 218

for which GWAS summary statistics are employed. 219

In the first stage, Genomic SEM estimates the empirical genetic covariance matrix 220

using these summary statistics (e.g., for three traits, effectively three genetic 221

correlations and three heritabilities are estimated). In the second stage, given a 222

user-specified structural equation model, Genomic SEM finds values for the parameters 223

of that model such that (a measure of) the distance between the genetic covariance 224

matrix implied by the model and the empirical genetic covariance matrix is minimized. 225

Despite its versatility, Genomic SEM is not equipped to answer the question that 226

MA-GREML is able to answer in a bivariate setting, viz., to which degree is the genetic 227

variance of outcome Y mediated by supposed mediator M? The reason for this 228

discrepancy is that although we can – in theory – specify a conceptually similar model 229

in Genomic SEM, such a model is simply not identified within the scope of that method. 230

This similar model for Genomic SEM is shown in Fig C. Here, shared genetic factor 231

G affects both mediator M and outcome Y (with path coefficients a and c respectively), 232

M has effect b on Y , and both M and Y have an idiosyncratic genetic factor (UM and 233

UY respectively, with path coefficients g and d). In this model, the mediated genetic 234

variance of Y (i.e., the indirect effect) equals (a2 + g2)b2 and the non-mediated genetic 235

variance of Y (i.e., the direct effect) equals c2 + d2. Thus, this model is the ‘Genomic 236

SEM implementation’ of the model discussed in Section E. 237

Crucially, however, this model is not identified when applying Genomic SEM, since 238

there are three degrees of freedom (two heritabilities and one genetic correlation) and 239

five parameters (a, b, c, d, g). Even if we omit one of the idiosyncratic factors (e.g., 240

d = 0 as in our main model), this model is still not identified when using Genomic SEM. 241
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MA-GREML, on the other hand, identifies b (i.e., the effect of M on Y ) using the 242

residual variance of M and the residual covariance between M and Y , and MA-GREML 243

does not attempt to seperate the contributions of a versus g and of c versus d—it only 244

relies on identification of b, a2 + g2, and c2 + d2 (in case of the model in Fig B) or c2 (in 245

case of the model in Fig A). This set-up of MA-GREML leaves sufficient degrees of 246

freedom to identify both the direct and indirect genetic effect. The residual (co)variance 247

can be conceptualised as the phenotypic (co)variance that cannot be explained by the 248

additive random SNP effects and the user-specified control variables with fixed effects. 249

Even if Genomic SEM would be extended to gain additional degrees of freedom (i.e., 250

using known sample overlap between involved GWASs and resulting estimates of 251

environmental (co)variances) and would employ that information to identify the effect 252

of M on Y (i.e., infer b using the environmental (co)variances), such an approach would 253

then typically yield inconsistent estimates of b and, consequently, inconsistent estimates 254

of the direct and indirect effect. The reason for the inconsistent estimation is that while 255

a well-designed GWAS of M (resp. Y ) will control for potential confounders between 256

SNPs and M (Y ), neither will – by design – control for confounders of the association 257

between M and Y ; that association is simply not what these GWASs are tailored 258

towards. 259

Section G Mediation analysis using univariate 260

GREML estimation 261

Traditionally, mediation of the effect of causal factor X on outcome Y via intermediate 262

factor M is assessed using four steps (see e.g., [2]) that can be summarised as follows: 263

1. Regress Y on X to establish that the cause affects the outcome. 264

2. Regress M on X to establish that the cause affects the mediator. 265

3. Regress Y on M to establish that the mediator affects the outcome. 266

4. Regress Y on X and M . 267

The coefficient of X in Step 4 can be conceptualised as an estimator of the direct effect 268

and the difference between the coefficient for X in Steps 1 and 4 as an estimator of the 269
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indirect effect. Importantly, in this approach X, M , and Y need to be observed, M 270

needs to precede Y , and other factors that influence both M and Y (i.e., confounders) 271

need to be controlled for. 272

This approach can be translated to a set of univariate GREML analyses to quantify 273

genetic mediation. Specifically, replacing X by the genetic components of M and Y 274

respectively, the following analogous analyses could be carried out: 275

1. Perform a univariate GREML analysis of Y , to establish Y has a genetic 276

component GY . 277

2. Perform a univariate GREML analysis of M , to establish M has a genetic 278

component GM . 279

3. Regress Y on M to establish the mediator affects the outcome. 280

4. Perform a univariate GREML analysis of Y including M as fixed-effect covariate. 281

The genetic variance of Y in Step 4 can now be conceptualised as the direct effect and

the difference between the genetic variance of Y in Steps 1 and 4 as an estimator of the

indirect effect. However, this approach has an important limitation: under the model in

Fig A, G is a classical confounder of the association between M and Y , leading to

inconsistent estimation of the effect of M on Y both in Steps 3 and 4. More specifically,

the estimator of b (denoted by b̂) in those steps converges to the following quantity:

plimN→∞b̂ = b+
ac

a2 + g2 + f2
. (89)

Thus, univariate GREML can be used to assess mediation in only two extreme scenarios 282

under the model in Fig A, viz., (i) when a = 0 or (ii) when there is full mediation (i.e., 283

c2 = 0). In other words, there may be no genetic factor that directly affects both M 284

and Y . 285

In all other cases, G confounds the inferred association between M and Y in Steps 3 286

and 4, thus, leading to inconsistent estimation of b, as well as inconsistent estimation of 287

the direct effect and the indirect effect (as the latter two also rely on consistent 288

estimation of b). Finally, even if ac = 0, the univariate approach does not provide the 289

means to directly test hypotheses regarding the indirect effect, as that effect is the 290
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difference between separate estimators from Steps 1 and 4, for which we do not know 291

the sampling covariance. 292

Section H Genetic nurture 293

Situations where parental factors affect offspring outcomes typically affect estimates 294

from mediation analysis using GREML, unless carefully controlled for. For instance, 295

parental genes may affect educational outcomes beyond the transmitted genes by 296

affecting the rearing environment in which children grow up, a phenomenon known as 297

genetic nurture [3]. Here, we focus on genetic nurture in a specific setting where the 298

genetic nurture components are uncorrelated with the genetic components. To formally 299

introduce genetic nurture in the mediation model, we first need to be slightly more 300

precise about our definition of G and G∗. 301

Let x denote the K × 1 vector of standardized genotypes for a given individual and

let β (resp. β∗) denote the K × 1 vector of true SNP effects that shape the unobserved

genetic factor G (G∗). That is,

G = x⊤β, and (90)

G∗ = x⊤β∗. (91)

In terms of the standardized genotypes, let Xk denote element k = 1, . . . ,K from x.

This element is defined as follows:

Xk =
Ck − 2fk√
2fk (1− fk)

, (92)

where Ck ∈ {0, 1, 2} denotes the coded-allele count (i.e., the raw genotype) and fk the 302

coded-allele frequency. As genotypes are standardized, G and G∗ have mean zero by 303

definition. However, the imposition of unit variance on G and G∗ implies that β and β∗
304

have a certain scale. Yet, this scaling is irrelevant for the considerations at hand. 305

More important is the fact that G and G∗ are not permitted to be correlated.

Treating the SNP effects as random, G and G∗ are uncorrelated in case β and β∗ are

uncorrelated and E [β] = E [β∗] = 0, where 0 denotes the K × 1 vector of zeros. In that
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case, we have:

Cov (G,G∗) = E [GG∗] (93)

= E
[
x⊤β (β∗)

⊤
x
]

(94)

= E
[
E
[
x⊤β (β∗)

⊤
x
∣∣∣x]] (95)

= E
[
x⊤E

[
β (β∗)

⊤
∣∣∣x]x] (96)

= E
[
x⊤E

[
β (β∗)

⊤
]
x
]

(97)

= E
[
x⊤Cov (β,β∗)x

]
(98)

= E
[
x⊤0x

]
(99)

= 0. (100)

We now have sufficiently precise definitions to also introduce genetic nurture

components in the model. We assume there is a parental genetic nurture component

that contributes directly towards both M and Y (analogous to G), which we denote by

P and that there is a parental genetic nurture component that only contributes to M

directly (analogous to G∗), which we denote by P ∗. These parental components are

weighted sums of parental genotypes, where we assume maternal and paternal

genotypes to have the same effects: γ to shape P , and γ∗ to shape P ∗. We can now

write these two parental genetic nurture components as follows:

P = s⊤γ, and (101)

P ∗ = s⊤γ∗, (102)

where s is the sum of the maternal and the paternal genotypes of the given individual. 306

Thus, element k of s is equal to the sum of the standardized maternal genotype and 307

standardized paternal genotype for that SNP k, for k = 1, . . . ,K. 308

Analogous to β and β∗, we assume that γ and γ∗ are uncorrelated random effects. 309

Thus, P and P ∗ are again uncorrelated. In terms of the downstream effects of these 310

parental genetic nurture components, P has direct effect ap on M and cp on Y whereas 311

P ∗ only has direct effect gp on M . A graphical representation of this model is shown in 312

Fig B. 313
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Fig D. Structural equation model (SEM) for mediation analysis using
GREML (MA-GREML) including genetic nurture effects. G and G∗ are the
(latent) genetic components, P and P ∗ are the (latent) parental genetic components, M
is the (observed) mediating factor, E and E∗ are the (latent) environmental
components, and Y is the (observed) outcome.

Assuming the model in Fig D to be correctly specified, we can now assess how 314

genetic nurture impacts the estimates when the main model in Fig A as implemented in 315

MGREML is used in the empirical analysis. For this comparison, we consider the 316

extreme case that Cov (β,γ) = 0 and Cov (β∗,γ∗) = 0, where 0 is the K ×K matrix of 317

zeros. This case reflects the scenario where the genetic nurture SNP effects are 318

uncorrelated to the offspring SNP effects. That is, Cov (β,γ) = Cov (β∗,γ∗) = 0. In 319

that case, coefficient r in Fig D equals zero. 320

Importantly, when GREML is applied in a sample of unrelated individuals it tags

about half the genetic nurture variance (provided the genetic nurture SNP effects are

uncorrelated with the offspring SNP effects); The other half of the genetic nurture

variance shows up as phantom environment variance [4]. Therefore, the implied genetic
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and environmental (co)variances as tagged by GREML are as follows:

σG
MM = a2 + g2 + 0.5a2p + 0.5g2p, (103)

σG
Y Y =

(
a2 + g2 + 0.5a2p + 0.5g2p

)
b2 + c2 + 0.5c2p + 2abc+ apbcp, (104)

σG
MY =

(
a2 + g2 + 0.5a2p + 0.5g2p

)
b+ ac+ 0.5apcp, (105)

σE
MM = f2 + 0.5a2p + 0.5g2p, (106)

σE
Y Y =

(
f2 + 0.5a2p + 0.5g2p

)
b2 + 0.5c2p + apbcp + e2, and (107)

σE
MY =

(
f2 + 0.5a2p + 0.5g2p

)
b+ 0.5apcp. (108)

As a result, the expression for b in our main model can be written as follows under the

data-generating process in Fig D:

bmain =
σE
MY

σE
MM

(109)

=

(
f2 + 0.5a2p + 0.5g2p

)
b+ 0.5apcp

f2 + 0.5a2p + 0.5g2p
= b+

apcp
2f2 + a2p + g2p

. (110)

Under our standard assumption that f ̸= 0, this last expression implies that whenever 321

there is a genetic nurture component that direct affects both M and Y (i.e., ap ≠ 0 and 322

cp ̸= 0), this leads to inconsistent estimation of b by MA-GREML. That is, as N → ∞ 323

our estimator of bmain then equals the true effect of M on Y plus a term that increases 324

in size with ap and cp. At its most fundamental level, this is simply an omitted variable 325

bias. This bias can lead to both under- and overestimation of b, and makes our estimator 326

inconsistent. As quantification of the mediated and non-mediated genetic variance of Y 327

hinges crucially on proper identification of b, these derivations suggest that results 328

obtained using MA-GREML can be biased when genetic nurture effects are present. 329

This is, however, not surprising: the part of the genetic nurture variance that is not 330

tagged by GREML applied to unrelated individuals simply masquerades as 331

environmental variance that affects both M and Y . That is, we have a classical 332

confounder. This insight then immediately points to a solution in the scenario of simple 333

parental genetic nurture: apply the GREML-based mediation analysis to a sample 334

comprising pairs of siblings, and include family-specific dummies as fixed-effect 335

covariates. These family-specific dummies then effectively remove the contribution of 336
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parental genetic nurture to both M and Y . Under this design, GREML-based 337

mediation analysis would give an estimate of the non-mediated and mediated offspring 338

genetic variance (i.e., not considering the nurture variance). 339

We note that the family-specific dummies approach applied to data on siblings can 340

also deal with other confounders that affect both M and Y (irrespective of whether 341

these are genetically driven or environmentally driven), such as cultural transmission or 342

inter-generational transfers from parent to offspring, provided that these transfers or 343

transmissions are on average shared equally between siblings, thus affecting siblings’ 344

expectation for M equally and their expectation for Y equally. 345

Section I Simulation set-up 346

Here, we provide more details concerning the simulations described in the main text. 347

We generate R independent datasets (runs). In each run, we generate data for 348

K = 20, 000 single-nucleotide polymorphisms (SNPs) with minor allele frequency ≥ 5%, 349

for a sample comprising N = 20, 000 unrelated individuals. Using these genetic data, we 350

compute the genomic-relatedness matrix (GRM) needed for MGREML estimation [5] in 351

each run. We then generate, using different parameter settings, our mediator variable 352

M and outcome variable Y based on the structural equation model (SEM) shown in 353

Fig 1 in the main text. 354

The code for the simulation study is available at the MGREML GitHub page 355

https://github.com/devlaming/mgreml in subdirectory simulations mediation. Here, 356

run.1.limitedmediation.sh contains Bash code to perform one run of the simulation study 357

and simulatelimitedmediation.py contains Python code to simulate data that is called 358

upon by run.1.limitedmediation.sh. The general structure of the code is as follows: 359

1. Generate genetic data for N = 20, 000 unrelated individuals on K = 20, 000 SNPs: 360

(a) For SNP k = 1, . . . ,K: 361

i. Draw allele frequency fk ∼ Beta(0.35, 0.35) and repeat until 362

fk ∈ [0.05, 0.95]. 363

ii. For individual j = 1, . . . , N : draw genotype Gjk ∼ Binom(2, fk). 364

iii. Compute empirical allele frequency: kj = (G1j + . . .+GNj)[2N ]−1. 365
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iv. For individual j = 1, . . . , N : standardize genotype: 366

Xjk = (Gjk − 2kj)[2kj(1− kj)]
−0.5. 367

(b) Let X denote the resulting N ×K matrix of standardized genotypes. 368

(c) Compute A = K−1XX⊤ and store this GRM in binary format. 369

2. Generate genetic factors and environmental effects, with no covariance between 370

these factors, conditional on the genotypes: 371

(a) For the genetic factor t = 1, 2: 372

i. Draw SNP effects: βt ∼ N (0, IK). 373

ii. Compute genetic factor: g∗
t = Xβt. 374

iii. Standardize g∗
t to have empirical mean zero and unit variance → gt. 375

(b) For the environmental factor of trait t = 1, 2: 376

i. Draw environmental effects: ε∗t ∼ N (0, IN ). 377

ii. Standardize ε∗t to have empirical mean zero and unit variance → εt. 378

3. Generate confounders (to mimic a more realistic setting), with the first 379

confounder being an intercept: 380

(a) For Confounder 1: 381

i. Set c1 to a vector of length N containing 1’s only. 382

(b) For Confounder k = 2, . . . , 10: 383

i. Generate a vector of length N as ck ∼ N (0, IN ). 384

(c) Let C denote the resulting N × 10 matrix of confounders. 385

4. Draw the effects of the confounders on the mediator M and the outcome Y : 386

(a) The effects of the confounders on the mediator dM ∼ N (0, Ik). 387

(b) The effects of the confounders on the outcome dY ∼ N (0, Ik). 388

5. Set the parameters in the SEM (Fig 1 in the main text): 389

(a) Set e and f to 1. 390

(b) Set a, b, c, and g according to the different simulation scenarios (see below). 391
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6. Generate the mediator M and the outcome Y : 392

(a) m = CdM + g1a+ g2g + ε2f . 393

(b) y = CdY +mb+ g1c+ ε1e. 394

7. Use the binary GRM and simulated mediator M and outcome Y to perform the 395

mediation analysis using MGREML. 396

We analyze the estimated parameters and test statistics in a baseline scenario with 397

partial mediation and four additional scenarios involving no mediation and full 398

mediation. The values for a, b, c, and g for the different scenarios are described below. 399

For each scenario, we perform R = 100 runs. 400

Baseline: Partial mediation. Here, we set a = b = c = g = 1. 401

Scenario (i): No mediation, where M has no genetic variance but M does 402

have an effect on Y . Here, we set a = g = 0 and b = c = 1. 403

Scenario (ii): No mediation, where M has genetic variance but M does 404

not have an effect on Y . Here, we set b = 0 and a = c = g = 1. 405

Scenario (iii): No mediation, where M has no genetic variance and M 406

does not have an effect on Y . Here, we set a = b = g = 0 and c = 1. 407

Scenario (iv): Full mediation. Here, we set a = b = g = 1 and c = 0. 408

Section J Extended simulation results 409

In the main text we provide the most relevant output of the simulations described in 410

Section I: The estimated effect of mediator M on outcome Y (i.e., b̂), the estimated 411

direct effect (i.e., ĉ2), and the estimated indirect effect (i.e, ̂(a2 + g2)̂b2). Here, in Table 412

A, we provide the average estimates of the genetic variances of mediator M and 413

outcome Y , h2
SNPs of M and Y , and the genetic correlation between M and Y . 414

All results are in line with expectations. In all scenarios, the genetic variance of both 415

the mediator M and the outcome Y are precisely estimated with small standard errors. 416

h2
SNPs of both the mediator M and the outcome Y are quite precisely estimated, 417

although in the scenarios where the mediator is not heritable (Scenarios (i) and (iii)), 418

we observe that h2
SNPs estimates are marginally above zero. This is not surprising for 419

estimators of quantities that lie on the edge of the parameter case (e.g., observe that 420
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Scenario Parameter settings σ̂G
MM σ̂G

Y Y h2
Y h2

M ρ̂GMY

Baseline b = 1, c = 1, (a2 + g2) = 2 2.000 4.997 0.714 0.667 0.949
(0.040) (0.093) (0.007) (0.008) (0.002)

(i) b = 1, c = 1, (a2 + g2) = 0 0.003 1.005 0.335 0.003 0.193
(0.010) (0.036) (0.011) (0.010) (5546)

(ii) b = 0 , c = 1, (a2 + g2) = 2 2.000 0.998 0.499 0.667 0.707
(0.040) (0.025) (0.009) (0.008) (0.012)

(iii) b = 0, c = 1, (a2 + g2) = 0 0.003 0.999 0.499 0.003 0.146
(0.010) (0.026) (0.010) (0.010) (2601)

(iv) b = 1, c = 0, (a2 + g2) = 2 2.001 2.006 0.502 0.667 0.999
(0.040) (0.050) (0.009) (0.008) (0.003)

Table A. Average estimates and corresponding standard errors of estimated
parameters in the mediation model (100 simulation runs for each scenario).
σ̂G
MM is the estimated genetic variance of mediator M ; σ̂G

Y Y is the estimated genetic
variance of outcome Y ; h2

M is the estimated SNP-based heritability of M ; h2
Y is the

estimated SNP-based heritability of Y ; ρ̂GMY is the estimated genetic correlation
between M and Y ; Average standard errors in parentheses.

h2
SNPs ∈ [0, 1])—unbiasedness is not the property one should focus on here; the focus lies 421

on consistency (i.e., do the estimators converge to the true parameters as N → ∞). For 422

the genetic correlation between the mediator and the outcome, we observe that in 423

Scenario (i) and (iii) there are very high standard errors. In these scenarios there is no 424

genetic variance in the mediator and, hence, the genetic correlation estimate is 425

extremely imprecise which is reflected by the high standard errors. In fact, in terms of 426

the true parameters, the true genetic correlation is not even defined in Scenarios (i) and 427

(iii), as the true genetic correlation then involves a division by zero. 428

Section K Partitioning of the GRM by functional 429

categories 430

Here we provide additional empirical results for the four later-life outcomes analyzed in 431

the main text with educational attainment as mediator. As a first step, we used 432

functional annotations as provided in the data file https://data.broadinstitute. 433

org/alkesgroup/LDSCORE/1000G_Phase1_cell_type_groups.tgz to select SNPs for 434

belonging to cell type groups Adrenal/Pancreas (69,744 SNPs), Cardiovascular (90,500 435

SNPs), Cental Nervous System (10,773 SNPs), Connective/Bone (82,771 SNPs), 436

Gastrointestinal (122,734 SNPs), Immune/Hematopoietic (152,417 SNPs), Kidney 437

(32,030 SNPs), Liver (51,847 SNPs), Muscle/Skeletal (80,803 SNPs), and Other (143,634 438
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SNPs). Using the relevant SNPs, we construct 10 genomic relationship matrices 439

(GRMs). 440

For most functional categories, we find nominally significant (p-value < 0.05) 441

indirect effects through educational attainment. The most notable exceptions are 442

Kidney and Liver: For these functional categories the indirect effects are insignificant 443

for all four later-life health outcomes. We caution that MGREML [6] cannot fit multiple 444

GRMs in the model simultaneously. Therefore, the estimated mediated and 445

non-mediated genetic variance for a given GRM (e.g., one functional category) may still 446

be influenced by similar GRMs (e.g., representing other functional categories). 447

Body Mass Mental Self-reported
Functional category Index Cognition health health

Adrenal/Pancreas 0.00641 0.06650 0.01854 0.01301
Cardiovascular 0.02982 0.03427 0.00063 0.03974
Cental Nervous System 0.00414 0.00183 0.00002 0.00001
Connective/Bone 0.02912 0.28329 0.01522 0.05309
Gastrointestinal 0.00001 0.00374 0.00006 0.00019
Immune/Hematopoietic 0.00030 0.03268 0.00013 <0.00001
Kidney 0.53361 0.98649 0.21668 0.87976
Liver 0.82418 0.96891 0.16783 0.92279
Muscle/Skeletal 0.01067 0.00993 0.00313 0.00004
Other 0.00062 0.00451 0.00022 0.00001
All 0.02534 0.01101 0.18229 0.01001

Table B. Evidence (p-values) regarding whether the genetic components of
the four later-life health outcomes affect the later-life health outcomes
through educational attainment. Genomic relationship matrices are constructed
using SNPs in the specified functional category.
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