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1 | INTRODUCTION

Classic treatment evaluations typically focus on assessing the total causal effect of a treatment on an outcome variable—for
example, the average treatment effect (ATE). In many evaluation problems, however, the causal mechanisms through
which a total effect operates are also of interest. When, for example, assessing the effect of an educational program on crim-
inal activity, policymakers might want to learn whether the total effect is driven by the program’s effect on employment
chances, which in turn may affect criminal behavior, or by other features of the program such as its impact on personality
traits like integrity or discipline. Understanding the causal mechanisms may be helpful for appropriately designing such
educational programs—for example, whether the focus should be on increasing employability, personality development,
or both.

Causal mediation analysis aims to decompose a total treatment effect into the indirect effect operating through an inter-
mediate variable called mediator, and the direct effect net of mediation; see, for instance, Robins and Greenland (1992)
and Pearl (2001). A range of studies base identification on conditional independence assumptions given observables with
respect to treatment and mediator assignment in rather flexible (often nonparametric) models; see, for instance, Petersen,
Sinisi, and van der Laan (2006), Flores and Flores-Lagunes (2009), van der Weele (2009), Imai, Keele, and Yamamoto
(2010), Hong (2010), Albert and Nelson (2011), Imai and Yamamoto (2013), Tchetgen Tchetgen and Shpitser (2012), and
Vansteelandt, Bekaert, and Lange (2012), among others.! Contributions concerned with nonparametric identification
under conditional independence conventionally focus on binary treatments. Yet, there are many empirical problems in
which treatment intensity is (close to) continuous—for example, hours of participation in an educational program or
the dose of a medical treatment; see, for instance, Hirano and Imbens (2004), Imai and van Dyk (2004), Bia and Mattei
(2012), Flores, Flores-Lagunes, Gonzalez, and Neumann (2012), Kluve, Schneider, Uhlendorff, and Zhao (2012), Galvao
and Wang (2015), and Lee (2018).

Tn contrast, the seminal papers in mediation analysis of Judd and Kenny (1981) and Baron and Kenny (1986) assume linear models for both the
mediator and the outcome.
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This paper considers the identification and semi- as well as nonparametric estimation of natural direct and indirect
effect (in the denomination of Pearl, 2001)? when the treatment is continuous. The indirect effect might either concern
a single mediator or reflect the impact operating through multiple mediators jointly. In the latter case, conditional inde-
pendence must hold for each mediator. The joint indirect effect then contains the causal mechanisms working through
any of these mediators (possibly including interaction effects between mediators), while the direct effect is the remainder
impact net of any of these causal mechanisms; see VanderWeele and Vansteelandt (2014) and Huber (2019) for a more
thorough discussion of the multiple mediators framework.> We propose an estimator based on weighting by the inverse
of conditional treatment densities (i) given observed covariates and (ii) given covariates and the mediator(s), also known
as generalized propensity scores; see Hirano and Imbens (2004) and Imai and van Dyk (2004).

The generalized propensity scores are either obtained parametrically or nonparametrically by conditional kernel density
estimation. We show that estimation is asymptotically normal and converges at the rate of one-dimensional nonpara-
metric regression to the effects of interest under specific regularity conditions. We also provide a simulation study that
illustrates the robustness of our method when compared to classic linear mediation analysis that relies on tight paramet-
ric assumptions. Finally, we apply our approach to data on the Job Corps program, a US educational intervention for
disadvantaged youth. Specifically, we disentangle the negative effect of the length of exposure to academic and vocational
instruction in Job Corps on crime, measured by the number of arrests in the fourth year, into an indirect component oper-
ating through the mediator employment and a direct remainder effect. The latter covers any other causal mechanisms,
such as personality development. Our findings point to an important direct and nonlinear reduction of the number of
arrests as a consequence of Job Corp under a sufficiently large treatment intensity of roughly 1,000 hours or more, while
indirect effects are close to zero for the investigated range of treatment intensities of up to 2,000 hours.

Our paper fills an important methodological gap in the causal mediation literature with continuous treatment doses,
where studies typically rely on rather strong functional form restrictions for identification. The semi- and nonparametric
literature on continuous treatments under conditional independence is relatively sparse and focuses on the estimation
of total (rather than direct and indirect) treatment effects: Flores (2007) proposes a nonparametric kernel regression esti-
mator for average dose-response functions. Lee (2018) estimates the unconditional distribution of potential outcomes
using the estimated generalized propensity score as generated regressor. Flores (2005), Flores et al. (2012), and Galvao and
Wang (2015) discuss estimation based on weighting by the inverse of the generalized propensity score. Our approach can
be regarded as an extension of the semi- and nonparametric weighting approaches of Huber (2014) and Hsu, Huber, and
Lai (2018) for causal mediation analysis with discrete treatments to the continuous treatment case using kernel functions
and the concept of the generalized propensity score. The semiparametric version of the proposed estimator is available in
the “causalweight” package by Bodory and Huber (2018) for the statistical software “R.”*

The remainder of the paper is organized as follows. Section 2 introduces the parameters of interest. Section 3 discusses
the identifying assumption and identification based on weighting. Section 4 presents the estimation approach along with
its properties. Sections 5 and 6 provide a simulation study and empirical illustration based on the Job Corps experimental
study, respectively. Section 7 concludes.

2 | PARAMETERS OF INTEREST

Our goal is to decompose the average treatment effect (ATE) of a continuous treatment variable D on an outcome variable
Yinto adirect effect and an indirect effect operating through the mediator M, which may be a scalar or a vector and discrete
and/or continuous. For a generic random variable A, let A denote the support of A. To define the effects of interest, we use
the potential outcome framework (e.g., Rubin, 1974), which has been applied in the context of mediation analysis by Rubin
(2004), Ten Have et al. (2007), and Albert (2008), among others. Let M(d), Y(d, M(d")) denote the potential mediator state as
a function of the treatment and potential outcome as a function of the treatment and the potential mediator, respectively,
under treatments values d,d’ € D. Furthermore, denote the mean potential outcomes by u(d,d) = E[Y(d, M(d))] and

2Such effects have also been referred to as pure/total direct and indirect effects by Robins and Greenland (1992) and Robins (2003) or as net and

mechanism treatment effects by Flores and Flores-Lagunes (2009).
3The joint indirect effect of multiple mediators generally differs from the sum of the indirect effects when considering each mediator separately (even

when appropriately accounting for interaction effects between mediators), unless statistical associations across mediators are ruled out; see Imai and

Yamamoto (2013).
“Further alternatives for assessing direct and indirect effects of continuous treatments are the “medflex” package by Steen, Loeys, Moerkerke, and

Vansteelandt (2017), which implements imputation-based estimation of potential outcomes as suggested by Vansteelandt et al. (2012), and the
regression-based “mediation” package by Tingley, Yamamoto, Hirose, Imai, and Keele (2014).
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u(d,d) = E[Y(d,M(d"))] with d # d’. We note that under a continuous treatment u(d, d) has also been referred to as
average dose-response function in the literature; see, for instance, Hirano and Imbens (2004) and Imai and van Dyk
(2004).

Using this notation, the ATE of setting the treatment to d versus d’, denoted by 4, 4, is given by

Aga = u(d,d) - p(d,d), for d+#d. ()

The ATE thus corresponds to the total average effect of D on Y operating both indirectly via the difference in potential
mediators M(d) and M(d’) as well as directly. In contrast, the average natural direct effect is given by the difference in
mean potential outcomes under d versus d’ when keeping the potential mediator fixed at either M(d) or M(d’):

ad,d/(d,) = M(d9 d,) - H(d,’ d’)7 Hd,d/(d) = M(d9 d) - I’l(d,’ d)7 for d ;é d,' (2)

Analogously, the average natural indirect effect is defined as the difference in mean potential outcomes under M(d)
versus M(d') while keeping the treatment fixed at either d or d’ such that the direct effect is nil:

5d,d’(d) = /'{(ds d) - #(d’ d,)s 6d,d’(d,) = M(d/’ d) - /’l(d,’ d,)’ for d #* d. (3)

By adding and subtracting u(d, d’) in Equation 1, it is easy to verify that 644(d") and 644 (d) add up to the ATE. By
similarly adding and subtracting u(d’, d) in Equation 1, one sees that the ATE also corresponds to the sum of 64 4 (d) and
64,4 (d"), where d and d’ in the definition of direct and indirect effects have been swapped. That is, 43¢ = 044(d) +
Sa.0(d) = 044(d) + 644(d"). Indeed, 0,4 4(d") and 54,4 (d) might differ from 0, 4 (d) and 64,4(d’), respectively, if direct and
indirect effects are heterogeneous in M and D, respectively. This is the case in the presence of interactions of D and M in
the determination of outcome Y.

We note that if d — d’ — 0 such that the change in D becomes infinitesimal, limg _4(u(d, d) — u(d’,d"))/(d — d’') corre-
sponds to the derivative of u(d, d) w.r.t. d, denoted by %. This (total) marginal effect of the treatment at D = d has, for
instance, been considered in Hirano and Imbens (2004) and Flores et al. (2012). The total derivative can be written as

d 0 9
= u(t, )| jeg = —pu(t,d) + —u(d, t 4
dtu(, ) i=d at#(, )+ at”( , )tzd’ 4

where d and o0 denote total and partial derivatives, respectively. a%/,z(t, d)|i=q¢ and %,u(d, t)|i=q are the marginal direct and
indirect effects, respectively, and correspond to Equations 2 and 3 divided by d — d’ when letting d —d’ — 0.°> Even though
our assumptions presented in Section 3 also permit identifying the marginal total, direct, and indirect effects provided in
Equation 4, the discussion in this paper focuses on the effects under measurable treatment changes such that d # d’. This
permits investigating effect heterogeneities due to interactions of D and M by comparing 644 (d) and 644 (d’) as well as
baq(d) and 644 (d"), respectively, while such interactions are conceptually ruled out under infinitesimal changes in D.

3 | IDENTIFICATION

For each unit only one potential outcome and potential mediator state, respectively, are known, namely those related to
the treatment value that is observed for that unit. That is, the observed mediator and outcome correspond to M = M(D) and
Y = Y(D, M(D)) under the observed treatment state D. In contrast, we cannot observe potential outcomes and mediators
defined upon treatment values different from the observed one. Specifically, Y(d, M(d")) is not observed for any individual
ifd # d’, as at least one of d, d’ is necessarily different to the observed treatment.

SSuppose that Y(d, M(d)) is differentiable in both arguments, d and M(d), and M(d) is a scalar and is differentiable in d. Then the marginal indirect effect

can be written as
d _ Y (d, M(d)) dM(d)
E”(d’ 3] T E [ M@ 2 |-

This is equivalent to the indirect effect in linear models (first-stage effect, % , times second-stage effect, %ﬂ(«;(;i» ) when there are no D-M interactions

(see, e.g., Baron & Kenny, 1986).
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The identification of natural direct and indirect effects therefore requires specific assumptions. Similar to Imai, Keele,
and Yamamoto (2010) (see their assumption 1), Tchetgen Tchetgen and Shpitser (2012) and many others, we base identifi-
cation on a sequential conditional independence assumption imposed on treatment and mediator assignment. However,
contrary to the standard in the literature, we consider a continuous treatment rather than a binary one.

Our first assumption requires that, given a vector of observed pretreatment characteristics that we denote by X, the
treatment is conditionally independent of the potential mediator states and the potential outcomes.

Assumption 1 (Conditional independence of the treatment). {Y(d’, m),M(d)} L D|X = xfor all (d,d’, m,x) € D? x
MXX.

Assumption 1 rules out unobserved confounders jointly affecting the treatment, on the one hand, and the mediator
and/or the outcome on the other hand, conditional on X. In the treatment or program evaluation literature, this is referred
to as conditional independence, selection on observables, or exogeneity; see Imbens (2004). We point out that conditional
independence must hold with respect to any value in the continuous support of the treatment, which is stronger than that
for the binary treatment case.

Our second assumption imposes conditional independence of the mediator given the treatment and the covariates along
with a common support restriction on the conditional density of the treatment. To this end, let f,(a|B = b) denote the
conditional density of variable A at some value a given that variable B is equal to value b.

Assumption 2 (Conditional independence of the mediator).

(1) Y(d',m) L M(d)|D=d,X=xforall(d,d, m,x) € D> x M X X.
(ii) fp(dM =m,X=x)> 0forall (d,m,x) € DX M X X.

Assumption 2(i) rules out unobserved confounders jointly affecting the mediator and the outcome conditional on D
and X. This is for instance violated if unobserved posttreatment variables influence M and Y, and are not fully determined
by X and/or D. When M is multidimensional, Assumption 2(i) needs to hold for each element in M, such that its strength
increases in the number of mediators. Assumption 2(ii) is a common support restriction. It says that the conditional
density (or generalized propensity score) to receive any treatment d in the support of D given M, X is larger than zero. This
also implies that f;,(d|X = x) > 0 and f,,(m|D = d,X = x) > 0 by Bayes' theorem. Intuitively, it is required that individuals
(a) with comparable values in M and X exist across all possible treatment doses and (b) with comparable values in D and
X exist across all possible mediator values. This common support condition is stronger than that conventionally imposed
in the binary treatment case because it needs to hold over the entire support of the treatment, unless only a subset of
treatment values d was to be considered in the analysis. Furthermore, it becomes stronger as the number and support of
mediators increase.

Huber (2014) shows the identification of the mean potential outcomes u(d, d) and u(d, d") with d # d’ using weighting
by the inverse of specific propensity scores when Assumptions 1 and 2 are phrased in a binary context. Specifically,

__[y-1up=d
/l(d,d) =E [m] 5 (5)
. Y-1(D=d) Pr(D=d|M,X)
”(d’d)_E[Pr(D:dW,X) DD = d'1X) ] (6)

1(-) denoting the indicator function. Also, Pr(D = d|X) = E[1(D = d)|X] and Pr(D = d|M,X) = E[1(D = d)|M, X] are
the conditional expectations of the weights, 1(D = d), that correspond to the treatment propensity scores. In the binary
treatment case, Equations 5 and 6 therefore correspond to equations 4 and 5 in Huber (2014).

Closely related identification results can be established for the case of a continuous treatment when appropriately
adapting the weighting expressions; see, for instance, the discussion in Flores et al. (2012) and Flores (2005). To this
end, denote by w(D;d, h) a weighting function that depends on the distance between D and the reference value d as
well as a nonnegative tuning parameter h. The closer the tuning parameter h is to zero, the less weight is given to larger
discrepancies between D and d. This modification of the weighting function is required as truly continuous treatments do
not have mass points. The probability of a specific value d is therefore equal to zero, which excludes the use of indicator
functions. For example, as in Flores et al. (2012), we define the weighting function to be a kernel function: w(D; d, h) =
K ((D — d)/h) /h, where K is a symmetric second-order kernel function assigning more weight to observations closer to d
and h is a bandwidth. Under the assumption that f,,(d|M, X) and E[Y|D = d, M, X] are continuous in d, the parameters of
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interest are identified in analogy to Equations 5 and 6 when letting & go to zero:
. Y - w(D;d, h)
(d,d)=1limE [—] , 7
g o | fodiX) @
(d,d’):hmE[ . , 8
# im0 | folIMX)  fo@dX) ®)

where f,(d|X) and f,(d|M,X) are the generalized propensity scores that correspond to limy_oE[w(D;d’, h)|X] and
limy,_oE[w(D; d’, h)|M, X], respectively. The identification of the mean potential outcomes implies the identification of
the direct and indirect effects defined in Equations 2 and 3.

Finally, we note that identification of mean potential outcomes and effects is alternatively obtained by the following
expressions related to the so-called mediation formula—see, for example, Pearl (2001) and Imai, Keele, and Yamamoto
(2010):

u(d,d) =E [E[Y|D=d,X =x]], 9)
u(d,d) = / E[Y|D = d,M = m,X = x|dFyp=a x=x(m)dFx(x) (10)
_ CAMemx =y 2EIMX
= /E[YlD =d,M=m,X = Xx] T @1X) dFyx=x(m)dFx(x)

fo(d'1X)

The last two equalities in Equation 10 follow from Bayes' theorem and the law of iterated expectations, respectively.
Equations 9 and 10 suggest conducting mediation analysis using nonparametric regression-based estimates of the con-
ditional means E[Y|D = d,X] and E[Y|D = d, M, X], or alternatively of E[Y|D = d, f,(d|X)] and E[Y|D = d,f,(d|M, X)],
respectively, given the balancing property of the (generalized) propensity score. The balancing property implies 1(D =
d) 1 X|fp(d|X) and 1(D = d) L {M,X}|f,(d|M,X); see Rosenbaum and Rubin (1983) and Hirano and Imbens (2004).
Flores et al. (2012) point out that such a regression approach is computationally more burdensome than weighting esti-
mation, in our case based on Equations 7 and 8 as suggested in Section 4, because the respective conditional means need
to be computed for each observation in the sample. This is particularly relevant when using the bootstrap for inference,
as in our application in Section 6. On the other hand, weighting may be less stable (i.e., prone to a higher variance) than
conditional mean regression if f,(d|X) or f,,(d|M, X) are close to zero; see the discussion in Khan and Tamer (2010).

=E [E[Y|D =dM=mX=x]-

4 | ESTIMATION

Suppose the availability of a random sample {(Y;, M;, D;, X;)}!_, from the joint distribution of (Y, M, D, X) for estimating the
potential outcomes as well as the direct and indirect effects. We first describe fully nonparametric estimation of direct and
indirect effects based on kernel methods along with its properties. At the end of this section, we discuss semiparametric
estimation based on parametric generalized propensity scores. Following standard practice, the subsequent discussion
implicitly assumes that regressors have been standardized by dividing by their respective standard deviations.

For an s-dimensional vector u = (uq), ..., Ug), let Kp(u) = IT,_ k(u)/h)/h be a product kernel with a generic kernel
function k and bandwidth h. Let Ky , () = H;=lk1(u({) /h1)/h1 and h; denote the kernel function and bandwidth, respec-
tively, for the estimation of the generalized propensity scores, and K; 5, and h; be the respective parameters for estimating
the mean potential outcomes (based on conditioning only on D). In the first step, the generalized propensity scores—that
is, the conditional densities of D given X or M, X—are obtained by

2;;1 Kip (X; — X;,D; —d)
Y Kin (X5 = X))

2;;1 Kip (M; —M;, X; — X;,D; — d)
o Kin (M) = My, X; = X))

fpd|X) =

(11)
FodIM, X)) =

>
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respectively. In the second step, Equations 7 and 8 are estimated by the respective sample analogs with normalized
weights, which we denote by 7i(d, d) and u(d, d’):

= YKoy, (D — d) = Ko, (D —d)
ud,d) = — = , (12)
l; fo(d|Xy) /;’ fo(d|Xy)

adod) = Z":YiKz,hz (Di—d)  fo(d'|M;. X)) Z":Kz,hz (Di—d)  fp(d'|M;, X)
’ S hdM.X)  fo@dix)

= >~ (12)
=1 fp(d|M;, X;) fo(d'X;)

Then estimators for natural direct effects 64 4 (d) and 64 4(d'), and natural indirect effects 64 4 (d) and 644 (d") are given
by
O (d) = id.d) — A(d'.d), Bya(d)=fd.d) - Ad.d),
baa(d) = fid. d) - pd.d),  b4a(d) = f(d.d) - ad.d).

Assumption 3 invokes several regularity conditions required for the consistency and asymptotic normality of the proposed
estimator.

Assumption 3 (Regularity conditions).

(i) Thedata {Y;,M;,D;,X;},i=1, ...,n are independent and identically distributed (i.i.d.).

(ii) The probability density function f;,,x(d, m,x) is bounded away from zero and is at least r-order continuously
differentiable with respect to (d, m, x), with uniformly bounded derivatives on DX M X X, a compact and convex
subset of RS+ where s, and s, are the dimensions of M and X, respectively.

(iii) E [YlD =dM=mX= x] is at least r-order continuously differentiable with respect to (d, m,x) on D X M X X
and has uniformly bounded derivatives.

(iv) The symmetric kernels k; and k, are bounded differentiable, have convex bounded supports, and have order
r, > 2andr, > 2, respectively.®

6

(v) The bandwidths hy, h, and h = min{hy, h,} and the orders r; and r, satisfy hy,h, — 0, nhlzshgh‘1 - 00,
nhh{"h;* — 0, nhhy” = O1), nhi"*' = O0(1), hi"h;'h — 0, nhh" — 0, and nhh” — 0, as n — co, where the
dimension of the regressors is s = 1 + s, + .

Our estimator can be linearized to follow a U-statistic, which is well studied in the literature. The smoothness and
bandwidth conditions in Assumption 3 ensure that the remainder terms of the projections of the U-statistic and the
bias terms are asymptotically first-order negligible. Assumption 3(iv) imposes standard regularity conditions for kernel
functions. Assumption 3(v) implies that the first step estimators of the conditional density functions are undersmoothed.
And the first step requires a higher order kernel in dependence of the dimension of the regressors. For the second step,
Assumption 3(v) implies that one may either use the same (higher order) kernel and bandwidth as for the first step, or
alternatively a second-order kernel, requiring a smaller bandwidth h, < h;. In the latter case, the estimation error of
the first step density estimators is first-order asymptotically negligible.” In Assumption 3(v), nhhir1 — 0and nhhir2 -0
are the undersmoothing conditions for the limiting distribution of the estimators to be normal and centered at zero. To
implement our methods in practice, an alternative set of sufficient conditions for the nonparametric tuning parameters
in Assumption 3(v) is the following. Let the positive bandwidths vanish at a polynomial rate; that is, h; = C;n~® and

1-a

hy = Cin~?. If h = min{hy,h,} = h,, then Assumption 3(v) implies r; > s, max { 1-2na, 2}';4—1’ ?} <b<1-2sa,
2 2

and 4 < a < min{ 2,1 T2 } For an example of s = 3, one may choose r;, = 4. Then r, = 2, a = 0.12, and

2r+1 — 4r,s—1" s(2r,+1)
b = 0.25 satisfy the above conditions. The following theorem provides the main result of the paper, namely the asymptotic

normality of our estimator.

Theorem 1. (Asymptotics for the nonparametric case) Suppose Assumptions 1,2 and 3 hold with r > max{ry,r,}.
Denote by R(k) = [ k*(wdu and gd,M;,X;) = E[YID = d,M.X;] Then Vnh(ji(d.d)—pu(d.d) =

% A kernel k is of order rif [ k(wdu =1, [ u'k(uydu =0for0 << r, and [ |uk(w)|du < .
"Furthermore, the convergence rate is slower than the rate when we use the same higher order kernel for both steps.
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V h/n Zl 1 (p u(d, d)(Ythl’Xl’ hly h2) + Op(l) _) N(O Vd) Where

Kz,hz(Di - d)
P Yo Do X s o) = (¥i = u(d, )  fodlX)
Kl,h1 (Di - d)
— (E[Y|D = d,X;] — u(d, d)) T dix) and

V= { E |var[Y|D = d,X]/ fp(d|X)| R(kz) if h =hy = hy and ky = ks,
“TVE[E[(Y - ud d)’ID = d.X] / fp(diX)| Rz) if h=hs < b,

/ ~ d
and nh (#(d7 d’) - M(d’ d/ ) V h/n Zl 1 (Pﬂ(d d’ (Yi’Di7Mi9Xi; hla h2) + Op(l) d N(O’ Vdd')s where

ﬂ(d d’ (Yh Dl9 MhXh hl7 hZ)

= ((Yi— u(d,d)) Ko, (Di — d)
fo(d'|M;, X;)

— (g(d. Mi, X)) — pu(d. d")) Ky, (Di — d))

fp(dIM;, X) fp(d'|X;)
, Kip, (D= d')
+ (g(d, M;,X;)-E [g(d,M,Xi)ID =d ,Xi]) W and

B F2@IMX) ]
<E [VarmD =Xl o

Vg = +E [var[g(d, M, X)|D = d’, X1/ fp(d'|X)]) R(kz), if h=hy =hy and ky =k,

20 _ £ MX) o
E [E [(Y — u(d.d"))’|D = d,X] m] R(k>), ifh=hy <h.

Following Theorem 1, we have the following corollary regarding the asymptotics of the estimators of natural direct and
indirect effects.

Corollary 1. Suppose Assumptions 1,2, and 3 hold with r > max{r;,r,}. Then

\% nh’(é\d,d/(d) - ed,d'(d)) = \/72(p0 /(d)(Yl"DhMi! Xh hly h2) + Op(]-)’
Vith@ua(d) = 00 (d) = \[ 3010 o (i Do Mo X ) 051,
VithGaa(d) - aa(d) = \[ X000 0 Y0 D1 M X ) + 0,1,

Vih@Gaa(d) - 5dd/(d>)_\f Z @30 (Vo Di My Xis b, o) + 0,(1),

where
Py @Yo Dis Mis Xis iy, o) = @0, (Y, D1 Xi5 iy, o) = @, o (Y, Di My, Xis ha, o),
Gy Ve DM Xishi o) = @30, | (Vi DM Xi i o) = iy, 4 (Y D Xis o o),

@Zid,(d)(YisDi,Mi»Xi; hi,hy) = Q’Zfd’d)(Yi,Di»)(i; hi,hy) - @Zfdyd,)(Yi,Di,Miin; hi, hy),

(pzp o) (Yi’DhMi?)(i; hl’ hZ) = (ﬂnfd/ Yi’DhMi’)(i; hl’ h2) - (pnl()d/,d/)(YYi,Di’Xi; hl’ h2)

o

Note that the asymptotic variance of Hd (@ is Vg + Vg — 211mn_,°ohcov((pu (ddy’ (pu @ d)) whose explicit form is nota-
tionally complicated and does not provide any new insights, so we ignore it. The same argument applies to the other three
estimators. Inference may be based on a sample analog estimator. For example, given uniformly consistent estimators
E[Y|D =d,X =x]and E[Y|D = d,M = m,X = x] for E[Y|D = d,X = x] and E[Y|D = d,M = m, X = x], respectively, a
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consistent estimator for Vy, , ) is

n

N h A~ A

vad,d’(d) = Ez(gonl()d d)(},i’ Di7Xi; h’la hZ) (Pnfd, d)(Yia Di7Mi5Xi; hl’ h’Z))Zs
i=1

where 3" (Y;, Di, X;; hy, hp) and q?)”‘(’ '+ /(Yo Di, Mi, X5 hy, hy) are obtained by replacing the unknown functions or param-

4 ) al
etersin ¢" ud d)(Y" D;, Xi: hy, hy) and ¢" W d, d)(Y,, D;, M, X;; hy, hy) with their uniform consistent estimators. This applies both
when a s1ngle bandwidth is used such that h = h; = h, and k; = k, as well as when h = h; < h,. Consistent variance
estimators for the other point estimators of the natural direct and indirect effects can be obtained analogously.

As an alternative to basing variance estimation on the sample analogs of Theorem 1, one may apply bootstrap methods.
Bootstrapping is known to be valid for local constant estimators; see Horowitz (2001). In the proof of Theorem 1, we can
replace the random sample {(Y;, M;, D;, Xi)}i=1, .. » With the bootstrap sample {(Y M}, D}, X }i=1, . and replace the
population distribution p and E with the empirical distribution p* and E".® Thus the bootstrap is valid in this context.

Our theory so far only considered the case in which all elements in X and M are continuous variables. We subsequently
briefly discuss the inclusion of discrete variables. Consider a discrete covariate, X, that only takes a finite number of values
and enters the conditioning set in Assumptions 1 and 2 in addition to the continuously distributed X. The conditional
density of D = d given the covariates may be estimated by

Yo 1K = XDK1 s, (X; = X)Kup, (D) — d)
2;:1 1X; = XK, (X; — X))

fod|X:, X)) =

that is, in subcells defined upon the values of X. Analogously, f;;(d|Mi,Xi,)~(i) is obtained. Replacing ﬁ)(d|Xi) and
ﬁ;(dlMi,Xi) in (12) by ﬁ;(d|Xi,)~(i), and fD(dlM[,X[,Xi), respectively, allows estimating u(d, d) and u(d, d’). When substi-
tuting fyx(d, m,x) and E[Y|D = d,M = m, X = x] by fpyxx(d, m,x,X)and E[Y|D =d,.M = m, X = x,X = X], respectively,
in Assumption 3, our previous asymptotic results remain valid.’

We conclude this section by considering semiparametric estimation of u(d,d) and u(d,d’), in which the generalized
propensity scores f,(d|X) and f,(d|M, X) are parametrically specified. To this end, we invoke the following assumption on
the first step estimation of the generalized propensity scores.

Assumption 4. (Parametric generalized propensity scores):

(i) The estimator 7y of the generalized propensity score model f,(d|x; v,), 7x € I'x C R*, satisfies sup, | fp(d|x; 7x) —
f(d]x; yx0)| = Op(n/2), where v, € I such that fi(d|x) = fp(d|x; 7o) for allx € X.

(ii) The estimator %, of the generalized propensity score model fr(d|M,%;¥)s Ymx € Dmx € R, satis-
fies sup,,c pixex | /oM, X 70) — fD(AIM, X5 Yix0)| = Op(n‘l/z) where y,,0 € Imx such that fy(dlm,x) =
fpdlm,x;y,,0) forallm € M and x € X.

(iii) fp(d|x) and f,(d|m,x) are uniformly bounded above and bounded away from zero on D X M X X.

A sufficient condition for Assumption 4 is the following. Suppose that the joint density function of D, M and X,
Sfomx(d, m,x) is uniformly bounded above and bounded away from zero and follows a parametric model such that
| fomx(d, m,x) — foux(d, m,x;7)| is Op(n‘l/z) uniformly. 7 is a root-n consistent estimator for y, (typically based on
maximum likelihood) with fp(d, m,X) = frx(d, m,X;7,). Let fx(X), fpx(d, x), fix(M,x) be the marginal density func-
tions. Then f,(d|x) = fpx(d,x)/fx(X) and fr(d|m,x) = fpux(d, m,x)/fyx(m,x), which can be consistently estimated by
fodlx;7) = fox(d.x;¥)/ fx(x;7) and fp(d|m,x;¥) = fpmx(d, m,x;7)/ fux(m,x; 7). Semiparametric estimators for u(d, d)

8Lemma 3.1 in Powell, Stock, and Stoker (1989) and the asymptotic linear representation for the U-statistic hold for the bootstrap estimator. The
Lyapounov condition holds by the same argument.
Note that s, and s, correspond to the numbers of continuous variables in X and M, respectively—that is, without the discrete covariate X.
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and u(d, d’) are given by
. o YKo, (D; — d) = Ko, (D — d)
p(d,d) = Z l,\—/\ Z %,
=1 Sp(d|Xi;7x) i=1 fp(d|Xi; 7x)) (13)

ﬁ(d d’) = i YiKz’hZ (Di - d) . f\D(d,lMlv)(l»?mx) / “ szhz D; - d) fD(d [M;, X;; }’mx)
S ML X 7)) o d1Xi 7 S ML X ) o IX55)

By invoking Assumption 4, the asymptotic theory for these estimators simplifies considerably when compared to the
nonparametric case; see Theorem 2 below.

Theorem 2 (Asymptotics for the semiparametric case). Suppose Assumptions 1-3(i)—(iv), and 4 hold with r > r,. Let
the order of the kernel r, = 2. The bandwidth h; satisfy h, — 0, nh, — oo, and nhg — 0. Then

Vnh, (fi(d. d) - u(d. d))
\/7 Z (Y - u(d. d)) — ;DE — A e . D s o)L N OV,
where Vq = E [E [(Y — u(d, d))*|D = d,X] / fp(d|X)| R(k>) and
Vnh, (i, d) - p(d, d")

_. /R
a n

where Vg = E [E [(Y — u(d,d))’ID=d, M,X]

Ko, (D; = d) fp(d' M, Xi)
fo(dIM;, X;) fp(d'|X;)

+0p(1) 4 N, Vaa),

M:

—

i=

FAdIMX)
TodMX) 72 1%)

] Rk,).

The condition nhg — 0in Theorem 2 is the undersmoothing condition for the semiparametric estimators. A corollary
similar to Corollary 1 for the asymptotics for semiparametric estimators for natural direct and indirect estimators can
be obtained similarly, so we omit the details. The main advantage of the semiparametric approach over the fully non-
parametric estimator is that it circumvents the curse of dimensionality problem when the dimensions of X and/or M are
large. On the downside, misspecifications of the generalized propensity scores generally result in inconsistent estimators
of potential outcomes and effects.

5 | SIMULATION STUDY

This section provides a simulation study to investigate the finite sample behavior of our semi- and nonparametric methods
based on the following data generating process:

Y =03D+0.3 M+ aDM + 0.3X + pD* + U,
M=03D+03X+V, D=03X+W,
X ~ uniform(-1.5,1.5), U,V,W ~ uniform(-2, 2), independently of each other.

Outcome Y is a function of the observed variables D, M, X and an unobserved term U. a gauges the interaction effect
between D and M. « = 0 satisfies the assumption of no interaction as discussed in Robins (2003), implying that the
direct effect 44(d) = 644(d") in Equation 2 and the indirect effect 544(d) = 644(d") in Equation 3. In contrast, for
a # 0, direct and indirect effects are heterogeneous. f determines whether the direct effect of D on Y is linear (§=0)
or nonlinear, namely cubic (f # 0). Mediator M is a function of D, X and the unobservable V. Note that the indirect
effect is linear, as M is linear in D and Y is linear in M. Treatment D is linearly determined by X and the unobservable
W. The covariate X, which confounds the treatment-outcome, treatment-mediator, and mediator-outcome relations, is
continuously uniformly distributed with support ranging from —1.5 to 1.5. Finally, the unobservables follow uniform
distributions with support ranging from —2 to 2. They are statistically independent of each other as well as of X. In our
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TABLE 1 Simulationsa =0.5,8=0

Ba.o(d) 04,0(0) 8a.0(d) 840(0)
abias SD RMSE abias SD RMSE abias SD RMSE abias SD RMSE

n=1,000
OLS 0.124 0.035 0.130 0.000 0.035 0.035 0.124 0.013 0.125 0.001 0.013 0.013
W np 0.020 0.057 0.062 0.062 0.056 0.086 0.077 0.010 0.077 0.039 0.007 0.040
Wnpus 0.016 0.101 0.103 0.044 0.100 0.113 0.048 0.035 0.060 0.023  0.024 0.034

Wp 0.059 0.059 0.086 0.058 0.058 0.083 0.011  0.020 0.024 0.006 0.015 0.016

Wpus 0.050 0.106 0.118 0.049 0.105 0.117 0.003 0.024 0.024 0.002 0.019 0.019
n = 4,000

OLS 0.124 0.017 0.126 0.000 0.017 0.017 0.124 0.006 0.124 0.000 0.006 0.006

W np 0.016 0.038 0.044 0.054 0.037 0.069 0.065 0.008 0.065 0.034 0.005 0.034
Wnpus 0.021 0.063 0.067 0.043 0.062 0.079 0.048 0.021 0.052 0.026 0.014 0.029
Wp 0.050 0.039 0.065 0.050 0.038 0.064 0.005 0.011 0.013 0.001 0.008 0.008
W pus 0.049 0.065 0.084 0.049 0.064 0.083 0.003 0.014 0.014 0.001 0.011 0.011

Note. “abias,” “SD,” and “RMSE” report the the average absolute bias, standard deviation, and root mean squared error, respectively,
of the effects across all treatment values d € {—1.5,-1.4, ... 1.4,1.5} and d’ = 0. “OLS,” “W np,” “Wnp us,” “W p,” and “W p us” refer
to linear regression, nonparametric weighting, nonparametric weighting with undersmoothing in the kernel procedures, weighting
with a parametric generalized propensity score, and weighting with a parametric generalized propensity score and undersmoothing
in the kernel function, respectively.

simulation design, the ATE corresponds to Age = 0.39(d — d’) + 0.3a(d?> — d’ %) + B(d® — d’®). The direct effects are given
by 0.4 (d) = 0.3(d — d’) + 0.3a(d? — d'*) + p(d® — d’*) and 044(d") = 0.3(d — d’) + f(d® — d’*), and the indirect effects by
4.0(d) = 0.09(d — d') + 0.3a(d*> — d’*) and 64 4(d’) = 0.09(d — d').

We consider 1,000 simulations and two sample sizes n = 1, 000, 4, 000 to investigate the performance of our nonpara-
metric weighting approach based on Equation (12). As the dimension of (D, X, M) is equal to s = 3 (see Section 4) in our
simulation, we set the orders of the Epanechnikov kernels in Equations 11 and 12 to r; = 4 and r, = 2, respectively.
Furthermore, the bandwidth h; is determined by multiplying the respective standard deviations of D, X, M by C;n%12,
where C; = 3.03 is the constant term in a Silverman (1986)-type rule of thumb for fourth-order Epanechnikov kernels.
Analogously, h, is obtained using C,n=%2°, with C, = 2.34 being the constant for second-order Epanechnikov kernels.
We note that these choices of 1y, 5, 1y, h, satisfy the regularity conditions in Assumption 3 required for the satisfaction of
Theorem 1.

Furthermore, we consider semiparametric weighting based on parametric estimation of the generalized propensity
scores in Equation 13. To this end we (incorrectly) assume D to be normally distributed given X or given (X, M), respec-
tively. Bandwidth h, corresponds to C,n~%23, with C, = 2.34. For all kernel-based computations, we use the “np” package
by Hayfield and Racine (2008) for the statistical software “R.” Besides estimation using bandwidths based on the rule of
thumb, we consider undersmoothed versions, in which bandwidths of all kernel procedures are divided by 2. For com-
parison, in addition we estimate the direct and indirect effects based on linear ordinary least squares (OLS) regressions
of the mediator on a constant, the treatment, and covariate and of the outcome on a constant, the treatment, the medi-
ator, and the covariate, respectively. Concerning the definition of the direct and indirect effects, we set d’ = 0. For d, we
consider a sequence of values defined by an equidistant grid between (and including) —1.5 and 1.5 with step size 0.1 (i.e.,
de {-1.5,-14, ...1.4,1.5}; however, without including 0 for obvious reasons.

Table 1 reports the averages of the absolute bias (abias), standard deviation (SD), and root mean squared error (RMSE)
for each effect under @ = 0.5 (effect heterogeneity) and f = 0 (fully linear model), where averaging is over all treatment
comparisons (d —d’) considered. Not surprisingly, the OLS-based estimators (OLS) have the lowest standard deviations of
all methods due to their parametric assumptions. On the downside, the OLS estimates of 8(d) and 6(d) are nonnegligibly
biased under either sample size due to the omission of the treatment-mediator interactions. In contrast, the nonparamet-
ric weighting estimator with rule-of-thumb bandwidths (W np) is considerably less biased. Undersmoothing (W np us)
generally entails an even lower absolute bias but, as expected, a higher standard deviation. A qualitatively similar pat-
tern is observed for semiparametric weighting with a parametric first step (W p). Undersmoothing (W p us), which in the
semiparametric case only concerns h,, reduces the absolute bias and increases the standard deviation. We also note that
the semi- and nonparametric versions do not uniformly dominate each other in terms of RMSE across the effects and
sample sizes considered.
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TABLE 2 Simulations « =0, g = 0.25
Oa0(d) 04,0(0) 8ao(d) 840(0)
abias SD RMSE abias SD RMSE abias SD RMSE abias SD RMSE
n=1,000
OLS 0.280 0.029 0.282 0.280 0.029 0.282 0.001 0.011 0.011 0.001 0.011 0.011

W np 0.099 0.055 0.117 0.097 0.055 0.115 0.035 0.009 0.036 0.038  0.008 0.039
Wnpus 0.043 0.096 0.106 0.041 0.097 0.105 0.021  0.025 0.033 0.023  0.024 0.034

Wp 0.064 0.057 0.090 0.066 0.058 0.091 0.015 0.018 0.023 0.007 0.015 0.016

Wpus 0.024 0.101 0.105 0.026 0.101 0.106 0.004 0.020 0.021 0.002 0.018 0.019
n = 4,000

OLS 0.281 0.015 0.281 0.281 0.015 0.281 0.000 0.006 0.006 0.000 0.006 0.006

W np 0.064 0.036 0.074 0.061 0.036 0.072 0.031 0.006 0.031 0.034 0.005 0.034
Wnpus 0.035 0.059 0.069 0.033 0.059 0.068 0.024 0.014 0.028 0.026 0.014 0.029
Wp 0.023  0.037 0.046 0.025 0.037 0.048 0.007 0.009 0.012 0.001 0.008 0.008
W pus 0.034 0.062 0.072 0.036  0.062 0.073 0.001 0.011 0.011 0.001 0.011 0.011

Note. “abias,” “SD,” and “RMSE” report the the average absolute bias, standard deviation, and root mean squared error, respectively,
of the effects across all treatment values d € {—1.5,-1.4, ... 1.4,1.5} and d’ = 0. “OLS,” “W np,” “Wnp us,” “W p,” and “W p us” refer
to linear regression, nonparametric weighting, nonparametric weighting with undersmoothing in the kernel procedures, weighting
with a parametric generalized propensity score, and weighting with a parametric generalized propensity score and undersmoothing
in the kernel function, respectively.

Table 2 gives the average statistics over all treatment comparisons (d — d’) for & = 0 (effect homogeneity) and = 0.25
(nonlinear direct effects). The OLS estimates of the direct effects are severely biased due to the cubic effect of D in the out-
come model, whereas the indirect effect estimates are unbiased, as they are indeed linear. In contrast, the absolute biases
of both the semi- and nonparametric weighting estimators for the direct effects are considerably smaller and decreasing
in the sample size. Again, undersmoothing in many cases entails a lower absolute bias than relying on rule-of-thumb
bandwidths, but leads to higher standard deviations. Interestingly, the semiparametric versions (W p, W p us) are quite
competitive both in terms of small absolute biases and RMSEs, despite incorrectly assuming normality. Apparently, the
misspecification of the generalized propensity score does not entail important biases as long as bandwidth h; is sufficiently
small.

Finally, Table 3 provides the results when setting « = 0.5, # = 0.25 (effect heterogeneity and nonlinear direct effects).
Three out of four OLS effect estimates exhibit important biases, while both the semi- and nonparametric weighting esti-
mators are less biased and superior to OLS in terms of average RMSEs under either sample size. All in all, the simulations
demonstrate the merits of our methods in terms of robustness to deviations from specific parametric assumptions. This,
however, comes at an efficiency cost which decreases in the sample size. The results suggest that our methods perform
decently in sample sizes with several thousand observations (or more), which is quite common in empirical research.

6 | EMPIRICAL ILLUSTRATION

We apply our method to the Job Corps study, which was conducted in the mid-1990s to assess the publicly funded US Job
Corps program and used an experimental design in which access to Job Corps was assigned at random. The Job Corps
program targets individuals who are between 16 and 24 years old, legally reside in the USA, and come from low-income
households. Participants received approximately 1,200 hours of vocational training and education, housing, and board
over an average duration of eight months. Schochet, Burghardt, and Glazerman (2001) and Schochet, Burghardt, and
McConnell (2008) discuss in detail the study design and report the average effects of program assignment on a broad
range of outcomes. Their findings suggest that Job Corps increases educational attainment, reduces criminal activity, and
increases employment and earnings, at least for some years after the program.

Several previous studies investigated various causal mechanisms of the Job Corps program and found significant direct
or indirect effects, depending on the mediator and outcome variables considered. Flores and Flores-Lagunes (2009) find
a positive direct effect of program assignment on earnings when controlling for the mediator work experience which they
assume to be conditionally exogenous given observed covariates. Also, Huber (2014) invokes a selection on observables
assumption and estimates a positive direct health effect when controlling for the mediator employment. Frolich and
Huber (2017) use an IV strategy based on two instruments to disentangle the earnings effect of being enrolled in Job Corps
into an indirect effect via hours worked and a direct effect (likely related to a change in human capital). The results point to
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TABLE 3 Simulations @« = 0.5, f = 0.25

Ba.o(d) 04,0(0) 8a.0(d) 840(0)
abias SD RMSE abias SD RMSE abias SD RMSE abias SD RMSE

n=1,000
OLS 0.298 0.037 0.303 0.280 0.037 0.283 0.124 0.013 0.125 0.001 0.013 0.013
W np 0.100 0.061 0.122 0.114 0.060 0.132 0.076  0.011 0.077 0.038 0.008 0.039
Wnpus 0.044 0.102 0.112 0.056 0.101 0.120 0.047 0.035 0.060 0.023  0.024 0.034

Wp 0.068 0.063 0.097 0.067 0.062 0.095 0.016 0.021 0.029 0.007 0.015 0.017

Wpus 0.025 0.107 0.112 0.026 0.106 0.111 0.004 0.024 0.025 0.002 0.019 0.019
n = 4,000

OLS 0.299 0.018 0.300 0.281 0.018 0.282 0.124  0.007 0.124 0.000 0.007 0.007

W np 0.064 0.039 0.076 0.078 0.038 0.089 0.065 0.008 0.065 0.034 0.005 0.034
Wnpus 0.035 0.063 0.073 0.049 0.062 0.083 0.047 0.021 0.052 0.026 0.014 0.029
Wp 0.029 0.040 0.053 0.029 0.040 0.053 0.008 0.012 0.015 0.002  0.008 0.008
W pus 0.035 0.065 0.077 0.036  0.065 0.077 0.003 0.014 0.014 0.001 0.011 0.011

Note. “abias,” “SD,” and “RMSE” report the the average absolute bias, standard deviation, and root mean squared error, respectively,
of the effects across all treatment valuesd € {—1.5,-14, ... 1.4,1.5} and d’ = 0. “OLS,” “W np,” “W np us,” ‘W p,” and “W p us” refer
to linear regression, nonparametric weighting, nonparametric weighting with undersmoothing in the kernel procedures, weighting
with a parametric generalized propensity score, and weighting with a parametric generalized propensity score and undersmoothing
in the kernel function, respectively.

the existence of an indirect rather than a direct mechanism. Using a partial identification approach allowing for mediator
endogeneity, Flores and Flores-Lagunes (2010) derive bounds for direct and indirect effects of Job Corps assignment on
employment and earnings mediated by the achievement of a GED, high school degree, or vocational degree. Under their
strongest set of bounding assumptions, the results suggest a positive effect on labor market outcomes even net of the
indirect mechanism via obtaining a degree.

While these previous contributions consider binary treatment definitions, our interest lies in the effect of different doses
of participation in Job Corps on an outcome variable capturing criminal behavior, namely the number of arrests. Our con-
tinuous treatment definition follows Flores et al. (2012), who assess the total effect of length of exposure to academic and
vocational instruction on earnings. In contrast, our mediation analysis investigates whether the time spent in Job Corps
affects the number of arrests indirectly through employment or “directly”—that is, through any other causal mechanisms.
More precisely, our treatment variable D is defined as the total hours spent either in academic or vocational classes in
the 12 months following the program assignment according to the survey. While access to the program was randomly
assigned, the decision to actually take the treatment was endogenous and thus prone to selection, both at the extensive
margin (whether to join Job Corps or not) and at the intensive margin (how many hours to consume). The mediator M is
the proportion of weeks employed in the second year, while the outcome variable Y corresponds to the number of times
the individual was arrested by the police in the fourth year after the random assignment.

Schochet et al. (2008) report that Job Corps significantly reduced arrest and conviction rates, as well as time spent incar-
cerated. Our approach adds to these findings in two dimensions. First, we document that the effect on the number of
arrests is highly nonlinear in the treatment dose, with significant reductions in arrests only materializing after a non-
negligible amount of hours in Job Corps. A binary treatment definition would not permit discovering this nonlinearity.
Second, our mediation analysis disentangles the total reduction into an indirect component due to Job Corps-induced
employment and a (direct) remainder effect of the program, which allows assessing the relative importance of different
causal mechanisms.

For identification, we invoke sequential conditional independence of the treatment and the mediator as outlined in
Section 3 based on a rich set of pretreatment covariates X, which overlaps with the control variables of Flores et al. (2012).1°
Specifically, we control for individual characteristics like age, gender, ethnicity, language competency, education, mar-
ital status, household size and income, previous receipt of social aid, and family background (e.g., parents’ education),
as well as health and health-related behavior at baseline. Conditioning on such a rich set of socioeconomic variables
appears important, as identification relies on successfully controlling for all confounders jointly influencing at least two
out of the three variables time in treatment, employment in the second year, and arrests in the fourth year. Furthermore,

19A control variable in Flores et al. (2012) we do not have access to is the local unemployment rate. The latter was constructed by matching county-level
unemployment rates to individual postal codes of residence, which are only available in a restricted-use data set.
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TABLE 4 Descriptives

Variable Type Mean SD Min Max Nonmissing
female dummmy (1 if yes, 0 if no) 0.44 0.50 0.00 1.00 4,000
age numeric 18.33 2.14 16.00 24.00 4,000
white dummy (1 if yes, 0 if no) 0.25 0.43 0.00 1.00 4,000
black dummy (1 if yes, 0 if no) 0.50 0.50 0.00 1.00 4,000
Hispanic dummy (1 if yes, 0 if no) 0.17 0.38 0.00 1.00 4,000
years of education numeric 10.05 1.54 0.00  20.00 3,945
GED diploma dummy (1 if yes, 0 if no) 0.04 0.20 0.00 1.00 3,982
high school diploma dummy (1 if yes, 0 if no) 0.18 0.39 0.00 1.00 3,982
native English dummy (1 if yes, 0 if no) 0.86 0.35 0.00 1.00 3,950
divorced dummy (1 if yes, 0 if no) 0.01 0.09 0.00 1.00 3,953
separated dummy (1 if yes, 0 if no) 0.01 0.11 0.00 1.00 3,953
cohabiting dummy (1 if yes, 0 if no) 0.03 0.18 0.00 1.00 3,953
married dummy (1 if yes, 0 if no) 0.02 0.13 0.00 1.00 3,953
has children dummy (1 if yes, 0 if no) 0.18 0.38 0.00 1.00 3,981
ever worked dummy (1 if yes, 0 if no) 0.41 0.49 0.00 1.00 1,405
average weekly gross earnings (in USD) numeric 19.41 98.66 0.00 2,000.00 3,999
is household head dummy (1 if yes, 0 if no) 0.11 0.31 0.00 1.00 3,933
household size (number of people) numeric 3.52 2.01 0.00 15.00 3,944
designated for nonresidential slot dummy (1 if yes, 0 if no) 0.17 0.38 0.00 1.00 4,000
total household gross income categorical (cf. Table A1) 3.51 2.21 1.00 7.00 2,508
total personal gross income categorical (cf. Table A1) 1.11 0.48 1.00 7.00 1,774
mum'’s years of education numeric 11.50 2.60 0.00 20.00 3,263
dad's years of education numeric 11.45 2.90 0.00 20.00 2,506
dad did not work when 14 dummy (1 if yes, 0 if no) 0.06 0.23 0.00 1.00 3,575
received AFDC every month dummy (1 if yes, 0 if no) 0.80 0.40 0.00 1.00 1,148
received public assistance every month dummy (1 if yes, 0 if no) 0.85 0.36 0.00 1.00 946
received food stamps dummy (1 if yes, 0 if no) 0.45 0.50 0.00 1.00 3,836
welfare receipt during childhood categorical (cf. Table A1) 2.07 1.19 1.00 4.00 3,726
poor/fair general health status dummy (1 if yes, 0 if no) 0.13 0.33 0.00 1.00 3,953
physical/emotional problems dummy (1 if yes, 0 if no) 0.04 0.20 0.00 1.00 3,950
extent of marijuana use categorical (cf. Table A1) 2.54 1.55 0.00 4.00 1,469
extent of hallucinogen use categorical (cf. Table A1) 2.76 1.73 0.00 4.00 204
ever used other illegal drugs dummy (1 if yes, 0 if no) 0.01 0.08 0.00 1.00 2,628
extent of smoking categorical (cf. Table A1) 1.53 0.98 0.00 4.00 2,084
extent of alcohol consumption categorical (cf. Table A1) 3.14 1.21 0.00 4.00 2,306
ever arrested dummy (1 if yes, 0 if no) 0.24 0.43 0.00 1.00 3,951
times in prison numeric 0.07 0.35 0.00 5.00 3,951
time spent by recruiter speaking of Job Corps categorical (cf. Table A1) 2.05 0.94 1.00 4.00 3,922
extent of recruiter support categorical (cf. Table A1) 1.59 1.07 1.00 5.00 3,911
idea about wished training dummy (1 if yes, 0 if no) 0.85 0.35 0.00 1.00 3,944
expected hourly wage after Job Corps numeric 9.95 6.57 5.00 96.00 1,799
expected improvement in maths categorical (cf. Table A1) 1.32 0.53 1.00 3.00 3,916
expected improvement in reading skills categorical (cf. Table A1) 1.53 0.65 1.00 3.00 3,932
expected improvement in social skills categorical (cf. Table A1) 1.48 0.68 1.00 3.00 3,932
expected to be training for a job categorical (cf. Table A1) 1.04 0.23 1.00 3.00 3,922
worried about Job Corps dummy (1 if yes, 0 if no) 0.37 0.48 0.00 1.00 3,944
1st contact with recruiter by phone dummy (1 if yes, 0 if no) 0.41 0.49 0.00 1.00 3,953
1st contact with recruiter in office dummy (1 if yes, 0 if no) 0.39 0.49 0.00 1.00 2,315
expected stay in Job Corps numeric (in months) 6.64 9.81 0.00 36.00 4,000
total hours spent in 1st year classes (D) numeric (treatment var.) 1,194.15 964.89 0.86 5,142.86 4,000
Share of weeks employed in 2nd year (M) numeric (in percent, mediator var.) 44.05 37.84 0.00 100.00 4,000
Number of arrests in year 4 (Y) numeric (outcome var.) 0.15 0.62 0.00 8.00 4,000

we condition on variables that are predictive for the duration in the program, namely expectations about Job Corps and
interaction with the recruiters. Such factors appear important as they are likely correlated with personality traits like
motivation, which may also affect the mediator and the outcome. Finally, we include pretreatment outcome and mediator
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variables that reflect labor market and criminal behavior prior to Job Corps. This permits controlling for unobserved con-
founders that are time constant in the sense that they only affect the mediator and the outcome through their respective
pretreatment values.

We, however, acknowledge that our framework does not allow for dynamic confounding, implying that the length
of treatment and/or the share of employment are affected by confounders that are themselves influenced by the initial
decision to participate in the treatment at all. This would, for instance, be the case if initial treatment participation affected
motivation, which in turn influenced treatment duration, employment, and criminal behavior. Even though we hope that
the limited time horizon considered for the treatment (first year) and the mediator (second year) mitigates issues related
to dynamic confounding, this threat to identification needs to be borne in mind when interpreting the results.

The original Job Corps data set consists of 15,386 individuals prior to program assignment, but a substantial share never
enrolled in the program and dropped out of the study. We therefore consider the 10,775 observations for which both the
posttreatment variables M and Y are observed in the follow-up surveys after 2 and 4 years, respectively.!! Among these,
there are cases of item nonresponse in various elements of X measured at the baseline survey, for which we account by
the inclusion of missing dummies. Furthermore, and similar to Flores et al. (2012), we restrict our evaluation sample to
observations with a positive treatment intensity; that is, D > 0, ultimately consisting of 4,000 individuals.'?> The results
presented further below therefore refer to the group of treated individuals with nonmissing posttreated variables and
only carry over to other groups (like the total population) if direct and indirect effects are homogeneous across individual
characteristics.

Table 4 provides descriptive statistics for the pretreatment covariates as well as the treatment, mediator, and outcome
variables in our evaluation sample, along with the numbers of nonmissing observations. Individuals in our evaluation
sample were on average 18.33 years old at baseline when applying for Job Corps and women made up 44%. Half of the
applicants were black, while whites and Hispanics accounted for 25% and 17%, respectively. Regarding education, 18% of
those with nonmissing values held a high school diploma and 4% a General Education Diploma (GED). A large share of
respondents (had) received public assistance or welfare benefits, pointing to economic hardship. 24% had been arrested at
least once prior to program assignment (excluding minor motor vehicles violations). Concerning treatment intensity (D),
individuals spent on average 1,194 hours either in academic or vocational classes in the first year after assignment. This
corresponds to roughly 149 days of 8 hours. Thus individuals with a positive treatment intensity were on average almost
30 working weeks in Job Corps in the first year. The treatment distribution is right skewed as the median is somewhat
lower, amounting to 966 hours in classes. Concerning the share of weeks employed in the second year (M), the individuals
were on average 44.05% in employment. Finally, the average number of arrests in the fourth year (Y) amounts to 0.15.
Most individuals were never arrested, while 9% were arrested at least once.

We evaluate the direct and indirect effects for 20 different values of positive treatment intensity between 100 and 2,000
hours in steps of 100 versus a rather small intensity of just 40 hours. That is, we estimate @\d,d/(d), gd,d’ d), (/S\d,d/(d), and
3d,d/(d’ ) for each of d € {100,200, ...,1,900,2,000} and d’ = 40. We therefore investigate among treated individuals
whether the length of classroom education actually matters for the number of arrests relative to a minor exposure (40
hours) that corresponds to roughly one working week spent in class. This permits learning whether the treatment affects
criminal behavior importantly at the extensive margin in order to judge the benefits of a more lengthy (and costly) expo-
sure to classroom education when compared to a minimal intervention.!* Figure 1 reports the distribution of D in our
evaluation sample by means of a histogram. Due to large number of covariates, the generalized propensity scores are
estimated parametrically. We therefore assume that D is conditionally log-normally distributed given X or (X, M), as it
is common for nonnegative treatments; see, for instance, Imai and van Dyk (2004). As for semiparametric weighting in
Section 5, estimation relies on Equation 13 and the rule of thumb for determining bandwidth h,. We note that the obtained
results are quite similar when assuming a conditional normal distribution of D (instead of log-normality) and/or apply-
ing undersmoothing by taking half of the rule-of-thumb bandwidth h,. Inference is based on bootstrap standard errors
obtained by bootstrapping the effects 999 times.

1Qur analysis does not make use of the sample weights provided in the Job Corps data to account for the fact that, due to stratified sampling, specific
groups are over- or underrepresented in the data relative to the original study population of interest.

12All in all, there are 5,279 observations with D > 0, out of which 1,279 have missing values in M and/or Y. Investigating the selectivity of missingness
w.r.t. the treatment by regressing a dummy for the missingness of Y or M (or both) on D using a probit model yields a p-value of 16%.

13In a robustness check, we set d = 0 (no classes at all) and also include observations with zero treatment intensity in our analysis. Figure Al in
Appendix A.3 displays the direct and indirect effects. The point estimates and conclusions to be drawn are similar to those presented in this section,
despite the fact that the effects are defined relative to a zero treatment rather than a minor, positive treatment.
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To verify whether our estimates of the generalized propensity score f,,(d|M, X) successfully balance the distributions
of the covariates and the mediator across treatment intensities, we conduct a test that is in the spirit of Smith and Todd
(2005). Specifically, we linearly regress each of the 65 elements in X (that also include missing dummies) as well as M on
the log-treatment intensity, the generalized propensity score (given X and M) estimated at the sample values of D, and
the score's square.'* If (X, M) and D are not associated given the estimated propensity score such that the latter satisfies
the balancing property, then the coefficient on the log-treatment should be statistically insignificant in most cases. The
p-values of the coefficient averages 56.7% and is only in four regressions (6%) smaller than 5%, such that we do not find
evidence for a violation of the balancing property.'®

Furthermore, we check for common support across the generalized propensity scores estimated at the different treat-
ment values considered in our application. Common support implies that no observation obtains too large a weight in the
computation of any mean potential outcome based on weighting expressions (Equation 12), due to dividing by estimated
generalized propensity scores that are close to zero. A large weight would entail a large influence of a single observation
w.r.t. the estimation of some mean potential outcome, thus implying a large variance of the estimator of that mean poten-
tial outcome and ultimately of the effect of interest. See Huber, Lechner, and Wunsch (2013) for an analogous argument
in the context of binary treatment evaluation. We therefore investigate the relative weights in our sample when estimat-

ing the mean potential outcomes, corresponding, for example, to th((dl 0 / X & hz((le )d) when considering zi(d, d). For
any observation, any mean potential outcome, and any d € {40, 100, 200, ..., 1,900, 2,000}, the relative weight is below
1%. We therefore do not find evidence for a lack in common support.

The upper panel of Figure 2 displays the direct effects under treatment (ad,4o(d)) on the left and nontreatment (@d,m (40))
on the right, which are quite heterogeneous over the range of values d. While small treatment intensities do not appear
to directly reduce the number of arrests, direct effects are statistically significantly negative at the 5% level from 1,100
hours on, when the pointwise 95% confidence intervals (dashed lines) do not include zero. The effect peaks in absolute
terms around 1,700 hours, reducing the number of arrests by 0.09. In relative terms, this effect is substantial, given that
the average number of arrests in the fourth year is 0.15; see Table 4. The lower panel of Figure 2 provides the indirect

effects under treatment (3d,40(d)) on the left and nontreatment (éAd,40(40)) on the right, operating through employment.

14Using cubic or quartic polynomials of the propensity score yields similar results.
15The four variables for which balance is rejected at the 5% level are black, Hispanic, native English, and expected stay in Job Corps.
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All indirect effects are very small in absolute terms and never statistically different from zero at the 5% level. Summing
up, our results point to an important direct, nonlinear reduction in the number of arrests in the fourth year as a conse-
quence of Job Corp under a sufficiently large treatment intensity of roughly 1,100 hours or more. In contrast, the effects
of program-induced employment changes on arrests are close to zero for the investigated range of treatment intensities.

To check the robustness of our findings across different methods, we also compute the direct and indirect effects for
d € {100,200, ...,1,900,2,000} and d’ = 40 using the “mediate” command in the “mediation” package for “R” by Tingley
et al. (2014). The latter applies regression to estimate the mediator and outcome models and simulates potential mediators
and outcomes according to these models; see Imai, Keele, and Tingley (2010) for details concerning the algorithm. Among
other specifications, the command permits for generalized additive models (GAM) such that the continuous regressors
(be it X, M, or D) in the outcome and mediator equations are flexibly modeled by polynomial functions. We use the
GAM approach and also include a polynomial of the interaction between D and M in the outcome equation to allow for
heterogeneous direct and indirect effects. Appendix A.0.4 reports the effect estimates along with 95% confidence intervals
based on bootstrapping 999 times. The point estimates are in line with those of our weighting estimators reported in
Figure 2; however, precision is considerably lower. Finally, we redefine the outcome variable Y to be a dummy variable
indicating any arrests in the fourth year (Y = 1) versus no arrests (Y = 0) and apply our semiparametric weighting
approach. The effects, which are reported in Appendix A.0.5, then correspond to changes in the probability of being
arrested at least once and show a comparable pattern as our main results.

7 | CONCLUSION

Assuming sequential conditional independence, we proposed semi- and nonparametric methods (using either parametric
or nonparametric generalized propensity scores) for estimating direct and indirect effects of a continuous treatment based
on inverse probability weighting and kernel methods. We demonstrated the asymptotic normality of the estimators under
particular regularity conditions and investigated their finite-sample behavior in a simulation study. Finally, we applied
the semiparametric method to the Job Corps program. We found this educational intervention to directly and nonlinearly
decrease the number of arrests in the fourth year after assignment when controlling for employment as mediator. The
semiparametric version of the proposed estimator is available in the “causalweight” package by Bodory and Huber (2018)
for the statistical software “R.”

As a word of caution, the identifying assumptions considered are rather strong in order to allow for a continuously
distributed treatment and possibly multiple mediators with rich support. They may therefore not seem plausible in all
settings, in particular when the richness of observed covariates is limited and/or dynamic confounding appears likely.
In this case, conditioning on pretreatment covariates is insufficient to control for posttreatment confounders of the
mediator-outcome association. In applications where the assumptions seem justifiable, however, the proposed weight-
ing methods are more flexible in terms of modeling assumptions than linear regression-based approaches conventionally
used in practice.
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APPENDIX A

A.1 | Proofof Theorem 1

Let the supremum norm of a function A(z) be [|A|| = sup,|A(z)|. Our estimator has the form A/]§. A Taylor expansion
gives

A_A A-A A4 ; - PO
=== -Z(B-B A —A||IB-B| +|IB-B|>. Al
3 5t 3 BZ( )+ Op(ll [l I+ 1l 1) (A1)
The numerator of the estimator ji(d, d) is
1 c A X;
—ZYiKz,h2 (Di — d)AfX#
i3 Sfox(d, Xi)
n ~ A~
1 1 fx(X) = fx(Xi)  fox(d, X;) — fpx(d, X;)
==Y YK, (D;—d + - A2
3 & VKD = ) (fD<d|Xl-> @ X) To(dIX = X)) ox(d. X0 (A2
o,( 1 3 Y2K2, (D; —d) | O, (/2 2
+Op EZ ; 2,h2( i—d) ) Op Il fox — foxII” ) -
i=1
The kernel-based estimator satisfies the uniform convergence rate as in lemma B.3 in Newey (1994):
A~ logn 172 ,
sup | fomx(d, m,x) = fpux(d, m,x)| = Op | | — +ht ). (A3)
(d,mx)EDXMXX nhy

2
Thus the last term in Equation A2 is O, (hz‘l ( (log rz/(rthls))_l/2 + " ) > = 0,((nh)~1/?) by Assumption 3(iv).
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We analyze the third term in parentheses of Equation A2:

1% Fox(d, X)) — fox(d, X))
- =Y YKy, (D;—d
nz1 2D = ) X = X Fox (@, X0)
_ 1 zn: YiKop,(D;i — d)
n&~ fp(d|X = X;) fox(d, X;)

i=1

__1 5
= T2 P G2

i=1 j#i

<%ZKMI (D; — DKy, (X; - Xi) — fDX(d,Xi)>
/=1 (A4)

1w 1+
== ) Elp(Z;, Z)|Z]1 + = ) Elp(Z;, Z))|Z;] — E[p(Zi, Z;)] + Rem,
n; p j njzl, p iNLj p J

which is a U-statistic with Z; = (Y;, D;, X;) and

YiKon,(Di — d)
fo(d|X = X) fpx(d, Xi)

pZi,Zj) = - (K1h, (Dj = d)Kyp, (X — Xi) = fox(d, X)) .

To control the remainder term Rem, we calculate

E [p(Zi. Z))]
Yingh (D —d)
hy B
fpdIX = X)) f7,(d. Xi)
= O(h;'h{).

[(Kl,hl (D; — Ky, (X; = Xp) — fox(d, X)) |Zi]]

Assumption 3(v) implies that E [p(Zi, Z j)z] h = O(h;'h;*h) = o(n), which further implies Rem = 0,((nh)~"/?) by lemma
3.1 in Powell et al. (1989). The projection E[p(Z;, Zj)| Z;] satisfies

~Y Flp(z:.2))12)]
i=1

E[Yi|Dy Xi1 Ko, (Di —d) [ 1 w
= AX = X for@ XD (E ;Kl’hl (D; = Ko, X5 = X0) = . DX(d’Xi)> 12 ]

_ IZ":E[Y|D=d,X=Xj]
- onE X =X))

1

= Op((nh1) ™).

Kip(D; —d)+E[E[YID =d,X|| + Op(ha" + h1")

Also, the projection E[p(Z;, Z;)| Z;] satisfies

E[p(Zi, Z))| Zi]
YKo p,(D; — d)

fod|X =X;) fox(d, Xy)

YiKop,(D; — d)

= _fD(d|X =X fox(d, X;) (E [Kl,hl(Dj - d)Kyp, (X; —Xi)lzi] - fDX(d,X,.))
YKo p,(Di — d) - .

= _fD(d|X = Xi)fDX(d,Xi) (hl Gl + Op(hl )) s

(Kyp,(Dj — K1, (X; — X)) — fox(d, X)) |Z;
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where G; = (adrl fox(d, X;) + al,l fox(d, X)) / u"r Ky (u)du/ry!. The last term in Equation A4 is

YKy (D; — d
[ 2D D (D) — K () — XOVZ] — fox(d.XD)

Elp(Z;,Z))] = —-E
b2l To@IX = X fox(d: X0)
—_F YiKyp,(Di — d)
T [fD(d|X = X)) fox(d. X))

(m"G; +op(h1’1))] .

Therefore

1w 1w YKo, (D; — d)
=N ElpZ, Z)|Zi] - Elp(Zi, Z))] = ——
nZ{ P2 212 = Elp(Zi. 2))] ng}fp<d|X=Xi)fDX<d,Xi>

[ YiKo ., (Di — d)
+

(M"Gi+0p(m"))

hi"G; h""
FodiX = X @ Xy (G oo™)

= p(l’llrl/ \/ l’ll’lz)

= 0p((nh)™/?).

The same argument implies that the second term in the parentheses of Equation A2 is of smaller order. Thus, the
asymptotic linear representation for the numerator of zi(d, d) in Equation A2 corresponds to

—ZYKMZ(D ) . fx(X) — E[E[Y|D = d, X]]

i=1 Fox(d, X))

—

==Y (YKo, (Di — d) = EIY|D = d,X = X;Ky 5, (Di — d)) / fp(d|X) + 0p ((nh)™2) .
i=1

:

The denominator of zi(d, d) is equivalent to the numerator of fi(d, d) by replacing Y; with 1. By the same argument as
above, we obtain

fx(X) 1w Ko, (Di — d) — Ky, (D; — d)
~NKn(Di—-d _1=2
2 2 ) A% Fox(d, X)) n ; fp(d| X))

+0p ((nh)™'/2).
By the Taylor expansion in Equation Al, we then obtain

fid,d) - u(d,d) = ZIF +0p ((nh)™/?),

l 1

2, Dy K 1(Di_d)
where IF; = (Y; — u(d,d)) fhz(d|X) — (ElY|D = d, Xi] — u(d,d)) f_,;(le.)

Lyapounov CLT with third absolute moments. The Lyapounov condition holds because

. Next we show asymptotic normality by the

n -3/2 n
(Zvar[lFﬂ) ZE [1IF:|]
i=1 i=1

=0 (k™) YEIFP] = 0 <(nh)_1/2> = o(1).
i=1

By a similar argument, we obtain the asymptotic variance lim,,_, hvar[IF;] = V.
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Now we turn to z#(d,d’). Let

ﬁi = ﬁ(Mi,Xi)
_ fod M = M, X = X)) __oux (@ M, XD Fx (XD
fodM =M, X =X fp(d1X =X)  Foux(d. My, X)) fox (d', Xi)
=204 Aot 0B 0 S8y o, (1B - BIP).
B;C; A; F; B; G

We use the same argument as in the proof for f(d,d) further above. We analyze the numerator of z(d, M(d")),
n

%ZYiKZshz(Di — d)ﬁl-. Let s.o. stand for smaller order terms. In the U-statistic in Equation A4, the s.o. are
i=1

nt Y Elp(Zi,Z)|Zi] — E[p(Zi, Z;)] + Rem = Op((nh)‘l/z). Thus

i

n
1
~ 2 YiKa, (D; = DQ;
i=1
n
1 Q;
= = ) E |E[Yi|D;, M;, XilKo,(D; — d)— (Kyp,(D; — d)Kyp,(M; — MKy i, (X; — Xi) — Ai) 1Z;| + s.0.
n& Aj

1 . Q; ’
= EZE[YilDi =d,M; =M;,X; =Xj]ZfDMX(d’Mj7Xj)K1,h1(Dj -d)
j=1 J
— E [E[Yi|D; = d, M;, Xi1Q; fox (dIMi, X0)] + Op(h ™ + ha") + s.0.

n
1 Q;:B;
= EZg(d, M;, X)) — =K, (D; = d') = u(d.d') + Op(a" + ") + 5.0,
j=1 J

where g(d, M;, X;) = E[Y|D = d, M;, X;]. By the same argument, we obtain

B - B

n
1
= — 2 YKo, (D = ) 5

i=1
n
1 15 T
= ZZg(d, M;, X,)Q;Ky 4, (D; — d) + u(d,d') + Op(hy"* + hy"?) + s.0.,

Jj=1

n A

1 Ci—C

= — Y YKoy, (D = d)Q =
i3 i

n
1
= L3 B, M. X)ID = . X = X,] K D) — )/ ot 1 = X)
i=1

+ E[Y(d,M(d"))] + Op(h:"" + hy"™) + s.0.,
and

n ~
1 F,-F
= Y Yikap, (Di = Qi ———
i3 i

- %ZE [(d. M. X)ID = d'.X = X;| = j(d,d) + Op(hs" + hs™) + 5.0 = Op(n~2).
j=1

Collecting all these terms, we obtain the asymptotic linear representation for the numerator n=! Z?:l YKo n,(Di —
d)ﬁi. Replacing Y; with 1 gives the asymptotic linear representation for the denominator: n=! Y\, Kon,(D; — d)ﬁ =
Y (Kon,(D; — d) = Ky, (Di — d)) Qi + 0p((nh)™'/2). The Lyapounov CLT gives the asymptotic normality.
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A.2 | Proof of Theorem 2

We consider the estimator zi(d, d). Let 2;(y) = 1/f5(d|X;) and ﬁi(y) = 1/ fp(d|X;; 7x). By a mean-value expansion, it holds
that Qi(y) — Qi(y) = —Ww;*(fp(d|Xi) — fp(d|Xi; 7x)) for some w; between f,(d|X;) and fp(d|X;; 7x)- Then Qi(y) — Qi(y) =
Op(n‘l/ 2) uniformly over i. We start with the numerator of the estimator 7i(d, d). Note that

n
1 A~
~ 2 YiKaj, (D; = dQu(r)

i=1

= L 3 YiKa, (i = d)(r) + = 2 YKo, (i = D) — (1)

i=1 i=1

Z%Z”@U”—MMN+%wMW%%mW%

i=1

1 n
= 2 YiKa, (Di = d)(r) + 0p(1),

i=1

where the second equality holds by a similar argument as in theorem 2 of Abrevaya, Hsu, and Lieli (2015). The derivation
for the denominator follows the same arguments. By the Taylor expansion (Equation Al) and E[£|D = d]fp(d) = 1,

N 1 (Yi—u(d,d)
d,d) —u(d,d) == -
fid, d) — u(d, d) 2(.@@&)

- > Ko, (D; — d) + Op ((nhy)™").
i=1

The asymptotic normality is shown by the Lyapounov CLT with third absolute moments as the arguments in the proof of
Theorem 1. The proof for zi(d, d’) is analogous and therefore omitted.

A.3 | Results for nontreatement d = 0
A.4 | Results using generalized additive regression models for M and Y with d = 40
A.5 | Results for binary outcome with d =40

A.6 | Description of the categorical variables
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FIGURE A3 Direct effects 8 40(d) (top left)
and éd,40(40) (top right) as well as indirect effects
5Ad,40(d) (bottom left) and gd,40(40) (bottom right)
for d € {100, 200, ..., 1,900, 2,000}

direct effect under treatment

indirect effect under treatment

002

0.00

-0.02

-0.04

-0.06

-0.08

0.02

0.00

-0.02

-0.04

-0.06

-0.08

500

T T
1000 1500

hours in academic and/or vocational training

T
2000

G

T
500

1000 1500

hours in academic andior vocational training

T
2000

direct effect under non-treatment

indirect effect under non-treatment

002

0.00

-0.02

-0.04

-0.06

-0.08

002

0.00

-0.02

-0.04

-0.06

-0.08

Journal of 839

T T T
500 1000 1500 2000

hours in academic and/or vocational training

T T T
500 1000 1500 2000

hours in academic andlor vocational training

85U8017 SUOWILIOD AITeID) 8|qeotjdde ay) Aq peusenob 8. 9o VO ‘88N JO S9N 10} AIq1T8UIUO AB]1/W UO (SUORIPUOD-PUR-SLLIBI WD A8 im AReIq 1 jpuluo//SdNY) SUORIPUOD pue swie | 8y} 8es *[£202/S0/zz] uo Ariqiauluo f8|im Binoqud 8a g1sAuN Aq §9/2'98(/Z00T 0T/I0p/W0D A8 1M Ale.q 1 pul|uo//:Sdny Woi) pepeojumoq */ ‘0202 ‘SSZTE60T



10991255, 2020, 7, Downloaded from https://onlinelibrary.wiley.com/doi/10.1002/jae.2765 by Université De Fribourg, Wiley Online Library on [22/05/2023]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

HUBER ET AL.

=)
<
0

‘[[e 38 J0U JI € QN[ B JI T IO[ B JI T

‘[eIBI0UJIE QM BIIT 0[BT

‘[eIBIOUJIC QMBI T JO[BI T

‘e IeIOUJI ¢ QMBI T IO[BH T

‘uorurdo ue

$591dxXa 30U PIP IO JUSUIAZLINOOUS OU PAIJO JI G 10 B
Pa8eInoosIp J1 ¢ Q[N B poSeInodsIp

J1 € ‘O] & padeInooud JI ¢ ‘90 B padeInooud JI [
SINOY ¢ uey) SI0U JI §

‘SINOY ¢ pue g Usaamiaq

JI € ‘SINOY 7 pue T Uaam1aq JI g ‘SS9] 10 INOY JUO JI T
$Jet]) uRY) UYJO SSI JI {7 “YIUOW Yord

SOWIN) MIJ B JI € YoM OB SO} MJ © JI 7 ‘A[Tep JI T
2Je(]) UBY) US)JO SSI[ JI # ‘YJUOW [IBd

SOWIT} M3 B JI € [9oM [OBD SO} M © J1 ¢ ‘A[Tep Ji [

Jet]) UBY} UYJO SSI JI {7 ‘YIuow Yord

SOWIT) M © JT € YoM [ SOWI) M3] © JI 7 ‘A[rep JI T
2Jey]) uey) US1JO SSI[ JI  ‘YPUOW o

SOWII} M B JI € 99M [[OBd SoWI} MdJ © J1 7 ‘A[Iep JI T
‘owIr) 9Y3 JO [[e JO Jsouw JI

¥ ‘O 9y} JeY INOqe J1 € ‘A[[eUOISEII0 JI T ‘19AU JI T
‘000°8T Uey) 1931e JI £ ‘000°8T pUe

000°ST U9am339 J1 9 ‘000°ST

pue 000‘CT Udamlaq J1 S ‘000°CT PUB 000‘6 U9amIaq Ji
¥ ‘0006 PU® 0009 Usamjaq

J1 € ‘0009 pue 000°€ UeAIMIS] JI T ‘000°C UBYI I9MO[ T
‘000°8T wey) 131e] 1 £ 000°8T PUE

000°ST U9aMm199 JT 9 “000°S T

PUB 000‘CT U29M313q JI S ‘000°CT PUB 000‘6 U9MIdq JT
¥ ‘000°6 PUEB 0009 Uaamiaq

J1 € °000,,9 Pu® 000‘c UdIMIDQ JI T ‘000°C UBY) I9MO] T
saLI08a1e)

(uoneoadxa) qol ogroads e 107 Sururen

ap1aoid o3 d[oy T[4 Df YOIy 0} JUXH

(uone1dadxa) S[ITS [e100S Y3 d[ay [[Im D[ YITyM 03 JU)XH
(uoneydadxo) sqrryys Surpear yimm diay [[Im Df YoTyMm 03 JUIXH
(uone1oadxa) SIS yrew YIm dioy [[Im D Yorym 03 JuUdIxg

noA 95eIN0JUd I9)INIIAI 9Y) PIP YONW MOH
Dr noqe Suryre) noA yim puads

I9)INIOAI 3Y) PIP SUWIN YONW MOH
189K JSB[ [0Y0I[R Pasn U)JO MOL]

182K SB[ Pas[OWS Ud}JO MOH
Ie3A ise] s3nIp orusSouronyjey

J9yjo/urqhoorisd/a104ad /ST pasn u9)jo MOoH
T894 )se[ Ul eueN(lIewW pasn ua)jo MOH

dn Surmoi13 o[Iym areJjom 103 ujo MOH

Iea4 Ise] (@SN ur) dwooul feuosiad [elo],

IeaA JSEB[ SI9qUISWI P[OYISNOY [[e

woty (SN ur) awodul [ejo],
uondrsagq

qof e 10y Sururen aq 03 proadxad

S[IIYS [e100s ul juawaaoidwr pajoadxa
SIS Surpea1 ur juswaaoxdurr pajoadxa
syjew ul juawaaoxdurr pajoadxe

j10ddns 19311031 JO JUIXD

sd1op qor jo Suryeads 1931021 Aq Juads s
uondwnsuod [0YOITe JO U)X

Suryows Jo jusixe

asn uaouron[ey Jo 1uIxd
asn euen(iIew Jo U)X

pooypryd Surnp 3d1a0a1 a1ej[oM

Qwoout sso13 Teuosiad [€10)

QwooUI $S013 P[OYIsnoyY [e10)
s[qerIep

S9qeLIeA Ted1108310 9] Jo 9[qe) uonduosed TV ATIV.L



	Direct and indirect effects of continuous treatments based on generalized propensity score weighting
	Abstract
	1 INTRODUCTION
	2 PARAMETERS OF INTEREST
	3 IDENTIFICATION
	4 ESTIMATION
	5 SIMULATION STUDY
	6 EMPIRICAL ILLUSTRATION
	7 CONCLUSION
	References
	Appendix A 
	A.1. Proof of Theorem 1
	A.2. Proof of Theorem 2
	A.3. Results for nontreatement d=0
	A.4. Results using generalized additive regression models for Mand Ywith d=40
	A.5. Results for binary outcome with d=40
	A.6. Description of the categorical variables




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck true
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier (FOGRA1)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <>
    /CHT <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF che devono essere conformi o verificati in base a PDF/X-1a:2001, uno standard ISO per lo scambio di contenuto grafico. Per ulteriori informazioni sulla creazione di documenti PDF compatibili con PDF/X-1a, consultare la Guida dell'utente di Acrobat. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 4.0 e versioni successive.)
    /JPN <>
    /KOR <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die moeten worden gecontroleerd of moeten voldoen aan PDF/X-1a:2001, een ISO-standaard voor het uitwisselen van grafische gegevens. Raadpleeg de gebruikershandleiding van Acrobat voor meer informatie over het maken van PDF-documenten die compatibel zijn met PDF/X-1a. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 4.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENG (Modified PDFX1a settings for Blackwell publications)
    /ENU (Use these settings to create Adobe PDF documents that are to be checked or must conform to PDF/X-1a:2001, an ISO standard for graphic content exchange.  For more information on creating PDF/X-1a compliant PDF documents, please refer to the Acrobat User Guide.  Created PDF documents can be opened with Acrobat and Adobe Reader 4.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /HighResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




