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A B S T R A C T
This paper studies the estimation of Engel curves for rural China using the dataset of Gong, van
Soest and Zhang (2005), extending their partially linear specification in two directions. First,
we replace the parametric first stage — which imposes linearity of the relationship between
log disposable income and log total expenditure — with a nonparametric kernel regression,
motivated by the pronounced threshold nonlinearity documented in their own data. Second,
we replace the linear parametric control function correction with a nonparametric counterpart,
following the semiparametric triangular system framework of Newey, Powell and Vella (1999),
Su and Ullah (2008), and Delgado and Parmeter (2014). The resulting three-stage estimator is
√

𝑁-consistent and asymptotically normal for the parametric component 𝛽, and converges at
the standard kernel rate for the nonparametric component. Monte Carlo simulations confirm the
finite-sample reliability of the proposed estimator across a range of sample sizes and endogeneity
levels. We assess whether the gender-of-children effects on expenditure shares documented by
Gong et al. (2005) are robust to these two relaxations.

1. Introduction
Endogeneity constitutes a fundamental identification and estimation problem in econometrics, arising when

explanatory variables are correlated with unobserved determinants of the outcome. Under the standard exogeneity
condition — namely, that the unobserved component is mean independent of the regressors — structural parameters
are identified from population moment conditions implied by the model.

In the presence of endogeneity, this condition is violated, and the associated mapping from moment conditions
to structural parameters no longer holds. As a result, Ordinary Least Squares (OLS) estimators become inconsistent,
failing to converge to the true population parameters even as the sample size increases. This issue becomes particularly
pronounced in semiparametric settings, where the objective is to preserve flexibility in functional form while ensuring
credible identification of causal effects.

Over recent decades, substantial progress has been achieved in the development of consistent estimation method-
ologies for semiparametric models involving continuous endogenous variables. Seminal contributions by Newey and
Powell (2003) and Blundell and Powell (2004) laid the theoretical groundwork for addressing endogeneity within
flexible specifications through control function (CF) approaches and instrumental variable (IV) techniques. These
methods typically exploit triangular or recursive system structures, in which the endogenous regressor is modeled as a
function of exogenous instruments. The central insight is that, within such structures exhibiting additive separability in
unobservables, the conditional expectation of the outcome given the endogenous regressor and a suitably constructed
control variable identifies the structural function of interest. Identification relies on the availability of valid exclusion
restrictions, as well as on functional form conditions such as monotonicity or strict exogeneity of instruments.

This paper focuses on partially linear models (PLMs) in which a continuous endogenous variable enters the model
nonparametrically, and proposes a nonparametric control function (NP-CF) estimator that relaxes two parametric
restrictions commonly maintained in the existing literature. The first is the linearity of the first-stage reduced form
equation; the second is the assumption that the control function — the conditional expectation of the structural
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error given the first-stage residual — enters the structural equation linearly. Both restrictions are standard in applied
implementations of the CF approach to PLMs, following Holly and Sargan (1982) and Blundell, Duncan and Pendakur
(1998), but neither is implied by the nonparametric identification conditions of Newey et al. (1999). When either fails,
the resulting estimator of the parametric component 𝛽 is inconsistent, and inference on structural parameters of interest
is distorted. The proposed estimator embeds the PLM within the triangular simultaneous system framework of Newey
et al. (1999), Su and Ullah (2008), and Delgado and Parmeter (2014). In the first stage, the endogenous regressor is
projected nonparametrically onto the instruments, recovering residuals that serve as a valid control function under the
conditional mean independence assumption 𝐸[𝜀 ∣ 𝑍, 𝑢] = 𝐸[𝜀 ∣ 𝑢]. In the second stage, Robinson’s (1988) partialling-
out is applied to a structural equation augmented with a nonparametric function of these residuals, delivering √

𝑁-
consistent estimation of 𝛽 without requiring the analyst to commit to any functional form for either the first stage or
the endogeneity correction. The asymptotic distribution of the resulting estimator is established, and the result of Su
and Ullah (2008) — that first-stage estimation error does not affect the limiting distribution of the nonparametric
component — is shown to carry over to the semiparametric setting. To illustrate the practical relevance of these
relaxed identification conditions, we revisit the empirical analysis of Gong et al. (2005) — henceforth GVZ — who
study gender differentials in household expenditure patterns in rural China using data from the 1995 Rural Household
Income and Expenditure Survey. GVZ estimate a PLM for budget shares on food, alcohol and tobacco, and education,
treating log total per capita expenditure as endogenous and instrumenting with log disposable income per capita. Their
implementation, following Blundell et al. (1998), maintains both parametric restrictions discussed above. Among the
three budget share equations considered, endogeneity of log total per capita expenditure is not rejected for food and
education, but is rejected for alcohol and tobacco. We therefore focus on the alcohol and tobacco equation as our
empirical illustration, as it is the case where accounting for endogeneity is warranted by the data. Yet GVZ themselves
document, via nonparametric kernel regression estimates of total consumption on disposable income (their Figure 2), a
pronounced nonlinear threshold relationship in the first stage: total consumption is essentially flat at low income levels,
reflecting the role of home-produced food, and rises with income only beyond a certain threshold. This directly violates
the linearity assumption on which their estimator of 𝛽 relies. The NP-CF approach proposed here accommodates this
feature of the data without additional assumptions and yields estimates of gender-of-children effects on expenditure
shares that are robust to both first-stage misspecification and nonlinear endogeneity correction.

The remainder of the paper is organized as follows. Section 2 presents the econometric model and three-stage
estimation procedure. Section 3 analyzes the asymptotic properties of the proposed estimator. Section 4 reports Monte
Carlo evidence on finite-sample performance. Section 5 presents the empirical application to Engel curves for rural
China. Section 6 concludes.

2. Econometric model and estimation procedure
We consider the consistent estimation of the following partially linear model:
𝑌𝑖 = 𝑚(𝑊𝑖) +𝑋⊤

𝑖 𝛽 + 𝜖𝑖, (1)
where 𝑌𝑖 is an observable scalar outcome, 𝑊𝑖 is a scalar endogenous continuous variable entering the model
nonparametrically, 𝑋𝑖 is a (𝑞𝑥 × 1) vector of exogenous mixed-types variables entering parametrically, 𝑚(⋅) ∶ ℝ → ℝ
is an unknown smooth function, 𝛽 is a 𝑞𝑥-dimensional parameter vector, and 𝜖𝑖 is a disturbance term.

When 𝑊𝑖 is exogenous, 𝐸(𝜖𝑖 ∣ 𝑊𝑖) = 0, the Robinson (1988) estimator delivers √

𝑁-consistent estimates of 𝛽.
In the presence of endogeneity, 𝐸(𝜖𝑖 ∣ 𝑊𝑖) ≠ 0, standard semiparametric approaches are inconsistent. We address
endogeneity defining the following triangular system

{

𝑌𝑖 = 𝑚(𝑊𝑖) +𝑋⊤
𝑖 𝛽 + 𝜖𝑖,

𝑊𝑖 = 𝑔(𝑍𝑖) + 𝑢𝑖,
𝐸(𝜖𝑖 ∣ 𝑍𝑖) = 0, 𝐸(𝜖𝑖 ∣ 𝑍𝑖, 𝑢𝑖) = 𝐸(𝜖𝑖 ∣ 𝑢𝑖), (2)

where 𝑍𝑖 is an instrumental variable satisfying 𝐸(𝑢𝑖 ∣ 𝑍𝑖) = 0, and 𝑔(⋅) ∶ ℝ𝑞 → ℝ is an unknown smooth function.
The condition 𝐸(𝜖𝑖 ∣ 𝑍𝑖, 𝑢𝑖) = 𝐸(𝜖𝑖 ∣ 𝑢𝑖) is the identifying restriction of the control function approach: conditional on
the first-stage residual 𝑢𝑖, the instrument 𝑍𝑖 carries no additional information about the structural error (Newey et al.,
1999).

The specification in (2) restricts the nonparametric component to depend only on the endogenous variable 𝑊𝑖, with
all exogenous regressors 𝑋𝑖 entering the model linearly.
D. Golinelli et. al: Preprint submitted to Elsevier Page 2 of 13
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2.1. Estimation Procedure
Taking conditional expectations on both sides of the structural equation in (2) and invoking the conditional moment

restrictions above, it follows that the conditional mean in (2) no longer coincides with the structural object of interest.
In particular, 𝐸[𝑌𝑖|𝑋𝑖,𝑊 𝑐

𝑖 , 𝑍1𝑖, 𝑢𝑖] ≠ 𝑚(𝑊 𝑐
𝑖 ) + 𝛽⊤𝑋𝑖,

𝐸[𝑌𝑖|𝑋𝑖,𝑊
𝑐
𝑖 , 𝑍1𝑖, 𝑢𝑖] = 𝑚(𝑊 𝑐

𝑖 ) + 𝛽⊤𝑋𝑖 + 𝐸[𝜖𝑖|𝑋𝑖,𝑊
𝑐
𝑖 , 𝑍1𝑖, 𝑢𝑖]

= 𝑚(𝑊 𝑐
𝑖 ) + 𝛽⊤𝑋𝑖 + 𝐸[𝜖𝑖|𝑢𝑖], (3)

because 𝐸[𝜖𝑖|𝑋𝑖,𝑊 𝑐
𝑖 , 𝑍1𝑖, 𝑢𝑖] = 𝐸[𝜖𝑖|𝑍1𝑖, 𝑢𝑖] = 𝐸[𝜖𝑖|𝑢𝑖]. Defining 𝜃(𝑢𝑖) = 𝐸[𝜖𝑖 ∣ 𝑢𝑖], the augmented structural

equation is
𝑌𝑖 = 𝑚(𝑊𝑖) +𝑋⊤

𝑖 𝛽 + 𝜃(𝑢𝑖) + 𝜈𝑖, (4)
where 𝜃(⋅) is an unknown smooth function and 𝜈𝑖 = 𝑌𝑖 − 𝐸[𝑋𝑖,𝑊 𝑐

𝑖 , 𝑍1𝑖, 𝑢𝑖] is a purely random disturbance. Since 𝑢𝑖is unobservable, direct estimation of this model is infeasible, requiring a preliminary step.
First Stage

We estimate 𝑔(⋅) in the reduced-form equation
𝑊𝑖 = 𝑔(𝑍𝑖) + 𝑢𝑖 (5)

by local linear kernel regression (Stone, 1977; Cleveland, 1979; Fan and Gijbels, 1992). Local linear estimation is
preferred over the Nadaraya-Watson estimator because it corrects for boundary bias without depending on the density
of 𝑍𝑖 (Fan, 1992). At an interior evaluation point 𝑧, the estimator solves

min
𝑎,𝑏

𝑁
∑

𝑖=1

(

𝑊𝑖 − 𝑎 − (𝑍𝑖 − 𝑧)⊤𝑏
)2𝐾ℎ1 (𝑍𝑖 − 𝑧), (6)

where 𝐾ℎ1 (𝑍𝑖 − 𝑧) = ℎ−𝑞1
∏𝑞

𝑠=1 𝑘
(

𝑍𝑖𝑠−𝑧𝑠
ℎ1

)

is the kernel with first-stage bandwidth ℎ1.
The solution 𝑔(𝑧;ℎ1) = 𝑒⊤1 [𝐙

⊤
𝑧𝐊𝑧𝐙𝑧]−1𝐙⊤

𝑧𝐊𝑧𝐖, where 𝐙𝑧 stacks the local design matrices and 𝐊𝑧 is the diagonal
kernel weight matrix, yields the first-stage residuals

𝑢̂𝑖 = 𝑊𝑖 − 𝑔(𝑍𝑖).

Second Stage

Given the reduced form and the assumption in (2), since 𝐸[𝜖𝑖 ∣ 𝑊𝑖, 𝑋𝑖, 𝑍𝑖, 𝑢𝑖] = 𝐸[𝜖𝑖 ∣ 𝑍𝑖, 𝑢𝑖] and 𝐸[𝜖𝑖 ∣ 𝑍𝑖, 𝑢𝑖] =
𝐸[𝜖𝑖|𝑢𝑖], by the Law of Iterated Expectation, we know that 𝐸[𝜖𝑖 ∣ 𝑊𝑖, 𝑋𝑖, 𝑍𝑖, 𝑢𝑖] = 𝐸[𝜖𝑖|𝑢𝑖]. Then, we can reformulate
(4) as

𝑌𝑖 = 𝑚0(𝑊𝑖, 𝑢̂𝑖) +𝑋⊤
𝑖 𝛽 + 𝜈∗𝑖 , (7)

where𝑚0(𝑊𝑖, 𝑢̂𝑖) ≡ 𝑚(𝑊𝑖)+𝜃(𝑢̂𝑖) and 𝜈∗𝑖 = 𝜖𝑖+[𝑚0(𝑊𝑖, 𝑢𝑖)−𝑚0(𝑊𝑖, 𝑢̂𝑖)]. Since𝐸[𝜈∗𝑖 ∣ 𝑊𝑖, 𝑋𝑖, 𝑢̂𝑖] = 0 by construction,
Robinson’s partialling-out applies directly to (7). Taking conditional expectations given (𝑊𝑖, 𝑢̂𝑖) and subtracting gives

𝑌𝑖 = 𝑋⊤
𝑖 𝛽 + 𝜈∗𝑖 , (8)

where 𝑌𝑖 = 𝑌𝑖 − 𝐸[𝑌𝑖 ∣ 𝑊𝑖, 𝑢̂𝑖] and 𝑋𝑖 = 𝑋𝑖 − 𝐸[𝑋𝑖 ∣ 𝑊𝑖, 𝑢̂𝑖].In order to explain how to estimate the unknown objects using kernel methods, it is useful to introduce the kernel
functions employed to smooth over the continuous endogenous variable entering nonparametrically. Let 𝑍𝑖 = (𝑍𝑐

𝑖 ) be
a (𝑞𝑧 × 1) vector of instruments, where 𝑍𝑐

𝑖 denotes the 𝑞𝑐𝑧 continuous components.
For the continuous instruments 𝑍𝑐

𝑖 , the product kernel is defined as

𝐾ℎ(𝑍𝑐
𝑖 , 𝑧

𝑐) =
𝑞𝑐𝑧
∏

𝑠=1

1
ℎ𝑠

𝑘
(𝑍𝑐

𝑖𝑠 − 𝑧𝑐𝑠
ℎ𝑠

)

, (9)

D. Golinelli et. al: Preprint submitted to Elsevier Page 3 of 13
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where 𝑘(⋅) is a univariate kernel function and ℎ = (ℎ1,… , ℎ𝑞𝑐𝑧 ) is the vector of bandwidths.
Replacing population conditional means by their estimates 𝐸[𝑌𝑖 ∣ 𝑊𝑖, 𝑢̂𝑖] and 𝐸[𝑋𝑖 ∣ 𝑊𝑖, 𝑢̂𝑖], OLS on (8) yields

the feasible estimator

𝛽 =

( 𝑁
∑

𝑖=1

̂̃𝑋𝑖
̂̃𝑋
⊤

𝑖 𝑓
2(𝑊𝑖, 𝑢̂𝑖)

)−1 𝑁
∑

𝑖=1

̂̃𝑋𝑖
̂̃𝑌 𝑖𝑓

2(𝑊𝑖, 𝑢̂𝑖), (10)

where 𝑓 (𝑊𝑖, 𝑢̂𝑖) is a kernel density estimate introduced to avoid the random-denominator problem (Powell, Stock and
Stoker, 1989):

𝑓 (𝑊𝑖, 𝑢̂𝑖) =
1

𝑁ℎ22

𝑁
∑

𝑗=1
𝑘
(𝑊𝑗 −𝑊𝑖

ℎ2𝑤

)

𝑘

(

𝑢̂𝑗 − 𝑢̂𝑖
ℎ2𝑢

)

.

Third Stage

The structural function 𝑚(⋅) is recovered from the joint object 𝑚0(⋅, ⋅) by marginal integration. Defining 𝑌 ∗
𝑖 =

𝑌𝑖 − 𝛽⊤𝑋𝑖, we obtain the nonparametric regression
𝑌 ∗
𝑖 = 𝑚0(𝑊𝑖, 𝑢̂𝑖) + 𝑣∗𝑖 , (11)

with 𝑣∗𝑖 = 𝜈∗𝑖 − (𝛽 − 𝛽)⊤𝑋𝑖. Setting 𝜒𝑖 = (𝑊𝑖, 𝑢̂𝑖), we estimate 𝑚0(⋅) by local linear regression:

𝑚̂0(𝑤, 𝑢̂) = 𝑒⊤1

[ 𝑁
∑

𝑖=1
𝐾ℎ3 (𝜒𝑖, 𝜒0)

(

1 (𝜒𝑖 − 𝜒0)⊤
(𝜒𝑖 − 𝜒0) (𝜒𝑖 − 𝜒0)(𝜒𝑖 − 𝜒0)⊤

)

]−1 𝑁
∑

𝑖=1
𝐾ℎ3 (𝜒𝑖, 𝜒0)

(

1
𝜒𝑖 − 𝜒0

)

𝑌 ∗
𝑖 . (12)

The structural function is then recovered via marginal integration (Tjøstheim and Auestad, 1994; Newey, 1994;
Linton and Nielsen, 1995):

𝑚̂(𝑤) = 1
𝑁

𝑁
∑

𝑖=1
𝑚̂0(𝑤, 𝑢̂𝑖), (13)

which uses the empirical distribution of 𝑢̂𝑖 as the integration measure 𝜔(⋅) — a computationally convenient choice that
is asymptotically equivalent to numerical quadrature under 𝐸(𝜖𝑖) = 0 (Qian and Wang, 2012; Delgado and Parmeter,
2014). As noted by Henderson and Parmeter (2015), reliable estimates of 𝑚(⋅) can be obtained by integrating over
approximately 25% of the sample rather than the full sample, with negligible loss of accuracy.
Bandwidth Selection Bandwidth selection governs the bias-variance trade-off in all three stages. An important
theoretical result for triangular systems is that the asymptotic distribution of the second-stage estimator is unaffected
by the first-stage bandwidth choice, provided the first stage converges at the required rate (Su and Ullah, 2008). In
practice, however, poorly chosen first-stage bandwidths can inflate finite-sample bias in 𝑢̂𝑖 and propagate into the
structural estimates.

Delgado and Parmeter (2014) advocate least-squares cross-validation (LSCV) in both stages, while Martins-Filho
and Yao (2012) use a rule-of-thumb (RoT). Following Martins-Filho and Yao (2012), we adopt the RoT in all three
stages for computational tractability. Based on Henderson and Parmeter (2015), the optimal bandwidths scale as

ℎ = 𝑐 𝜎𝑥𝑁
−1∕(4+𝑞𝑐 ), 𝜆 = 𝑐 𝑁−2∕(4+𝑞𝑐 ),

where 𝑞𝑐 is the number of continuous regressors, 𝜎𝑥 is the standard deviation of the covariate, and 𝑐 is a scale constant.
In the empirical application, we also report sensitivity checks using LSCV-selected bandwidths for the first stage.
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3. Asymptotic properties
In this section, we provide the asymptotic behavior of the estimators proposed in equations (10) and (12), which

correspond to the parametric component 𝛽 and the nonparametric component 𝑚(⋅), respectively.
To establish the asymptotic properties of the estimator for 𝛽 in partially linear models, we need to ensure that

the nonparametric part of the regression model does not distort the behavior of the parametric estimator since its
estimation procedure relies on projecting out the nonparametric component. For this projection to be well-behaved,
we follow Robinson (1988) and impose the following definition that enables us to ensure that the nuisance function
exhibits sufficient smoothness for accurate nonparametric estimation and satisfies moment conditions that guarantee
the convergence of empirical processes. Therefore, this definition ensures that the resulting parametric estimator yields
reliable inference, especially root-𝑁 consistency and asymptotic normality.
Definition 1. 𝛼𝜇, 𝛼 > 0, 𝜇 > 0, is the class of functions 𝑔 ∶ 𝑑 →  satisfying the following conditions:

• 𝑔 is (𝜚 − 1)-times partially differentiable, for 𝜚 − 1 ≤ 𝜇 < 𝜚;
• for some 𝜌0 > 0, sup𝑦∈𝜙𝑧𝜌0

|𝑔(𝑦)−𝑔(𝑧)−𝑄𝑔(𝑦, 𝑧)|∕|𝑦−𝑧|𝜇 ≤ 𝐺𝑔(𝑧) for all 𝑧, where 𝜙𝑧𝜌0 = {𝑦 ∶ |𝑦−𝑧| < 𝜌0};

• 𝑄𝑔 = 0 when 𝜚 = 1; 𝑄𝑔 is a (𝜚 − 1)th degree homogenous polynomial in 𝑦 − 𝑧 with coefficients the partial
derivatives of 𝑔 at 𝑧 of orders 1 through 𝜚 − 1 when 𝜚 > 1;

• 𝑔(𝑧), its partial derivatives of order 𝜚 − 1 and less, and 𝐺𝑔(𝑧) have finite 𝛼th moments.

Under Definition 1, the functions belonging to the class 𝛼𝜇 are locally approximable by a Taylor expansion of order
𝜚 − 1, where 𝜚 is the smallest integer strictly greater than 𝜇. Also, such functions must be continuously differentiable
up to order 𝜚 − 1 and the approximation error is required to decay at a rate governed by 𝜇 − 𝜚 + 1, thereby ensuring a
form of local Hölder continuity. Additionally, the function itself, its derivatives, and the bound on the approximation
error must all have finite 𝛼th moments. To sum up, this framework generalizes classical smoothness conditions by
combining local regularity with global integrability, allowing for unbounded or only weakly smooth functions.

We also define 𝜉2𝑖 ≡ 𝜉2(𝑋1𝑖,𝑊 𝑐
𝑖 , 𝑢𝑖) = 𝐸[𝑋2𝑖|𝑋1𝑖,𝑊 𝑐

𝑖 , 𝑢𝑖], 𝜂𝑖 = 𝑋2𝑖 − 𝜉2𝑖, 𝜅 = ∫ 𝑘(𝑣)2𝑑𝑣 and 𝜅2 = ∫ 𝑘(𝑣)𝑣2𝑑𝑣.
Also, ‖ ⋅ ‖ denotes the Euclidean norm and the following conditions will be used to establish the √

𝑁-consistency of
𝛽.
Assumption 1.

(i) {𝑌𝑖, 𝑋1𝑖, 𝑋2𝑖,𝑊 𝑐
𝑖 , 𝜖𝑖, 𝑢𝑖} are independent and identically distributed (𝑖.𝑖.𝑑.). Also, 𝜖𝑖 = 𝑌𝑖 − 𝑚0(𝑋1𝑖,𝑊 𝑐

𝑖 , 𝑢𝑖) −
𝛽⊤𝑋2𝑖 is the error term with zero mean and 𝐸(|𝜖𝑖|4(1+𝛿)) < ∞, 𝐸(‖𝜂𝑖‖4(1+𝛿)) < ∞, and 𝐸(|𝑢𝑖|4(1+𝛿)) < ∞, for
some 𝛿 > 0.

(ii) For some 𝛿 > 0, 𝑋1𝑖 and 𝑊 𝑐
𝑖 has finite 4(1 + 𝛿)th, and 𝑍𝑡 has finite 8(1 + 𝛿)th moments, 𝑓 ∈ ∞𝜐−1, where 𝑓 (⋅)

is the joint density function of (𝑋1𝑖,𝑊 𝑐
𝑖 , 𝑢𝑖), 𝑚(⋅) ∈ 4𝜐 , and 𝜉2(⋅) ∈ 4𝜐 , where 𝜐 ≥ 2 is an integer. Furthermore,

all smooth functions 𝑓 , 𝑚, and 𝜉2 satisfy some (global) Lipschitz-type condition: |𝑔(𝑦) − 𝑔(𝑧)| ≤ 𝐷𝑔(𝑧)‖𝑦 − 𝑧‖
for all 𝑦 and 𝑧, where 𝐷𝑔(𝑧) has finite fourth moments and 𝑔 ∈ {𝑓, 𝑚, or 𝜉2}.

(iii) For 𝑐𝑛 being sequences that are either bounded or diverging slowly to infinity, sup
|𝑧|≤𝑐𝑛 |𝑔(𝑧) − 𝑔(𝑧)| =

𝑂𝑝
(

(𝑙𝑜𝑔𝑁∕𝑁ℎ𝑞1)
1∕2 + ℎ21

)

when𝑍1𝑖 is a continuous variable and sup
|𝑧|≤𝑐𝑛 |𝑔(𝑧)−𝑔(𝑧)| = 𝑂𝑝

(

(𝑙𝑜𝑔𝑁∕𝑁ℎ𝑞01 )1∕2 + ℎ21
)

when 𝑍1𝑖 is discrete and 𝑞0 = 𝑞 − 𝑞𝑧1 .

(iv) 𝐾(⋅) is a product kernel and the univariate kernel 𝑘(⋅) is a nonnegative and bounded function satyisfying
∫ 𝑘(𝑢)𝑑𝑢 = 1, ∫ 𝑘(𝑢)𝑢𝑑𝑢 = 0, and ∫ 𝑘(𝑢)𝑢2𝑑𝑢 > 0 and finite.

(v) 𝑘(⋅) has second-order continuous derivatives; 𝑘(⋅) and its derivatives (up to second order) are all bounded.
Moreover, 𝑘(⋅) satisfies a (global) Lipschitz-type condition: |𝑘(𝑢 + 𝑣) − 𝑘(𝑢) − 𝑘(1)(𝑢)𝑣| ≤ 1

2𝐻(𝑢)𝑣2 for all
𝑢, 𝑣 ∈ , where 𝑘(1)(𝑢) = 𝜕𝑘(𝑢)∕𝜕𝑢 and 𝐻(⋅) is a bounded function. To simplify the notation, we also assume
𝑘(𝑢) ≤ 𝐻(𝑢) and 𝑘(1)(𝑢) ≤ 𝐻(𝑢).

(vi) As 𝑁 → ∞, ℎ2 → 0, 𝑁ℎ
2(𝑞𝑥1+𝑞𝑧1+1)
2 → ∞ and 𝑁ℎ4𝜐2 → 0 for some 𝜐 ≥ 2.
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(vii) The matrix function 𝐸[(𝑋2𝑖 − 𝜉2𝑖)(𝑋2𝑖 − 𝜉2𝑖)⊤𝑓 2(𝑋1𝑖,𝑊 𝑐
1𝑖, 𝑢𝑖)] is non-singular.

These assumptions are fairly standard in the semiparametric literature, but some clarifications are warranted.
Assumptions 1(i) and (ii) are some mild smoothness and moments conditions. Also, Assumption 1(ii) is stronger than
the corresponding condition in Robinson (1988). Specifically, it is assumed that the density function is bounded and
at least first-order partially differentiable with a Lipschitz-continuous remainder. This stronger regularity condition is
required for the estimation of the nonlinear component, though it is not necessary for establishing the asymptotic
properties of 𝛽. This assumption is only essential for the consistency and asymptotic behavior of the third-stage
estimator, 𝑚̂(⋅). Assumption 1(iii) assumes that 𝑔(⋅) is a consistent estimator of 𝑔(⋅). Assumption 1(iv) is a standard
condition in the nonparametric literature where is assumed that we work with a nonnegative second-order kernel
function, whereas Assumption 1(v) imposes some smoothness conditions on the kernel functions that is quite common
when generated regressors are considered in 𝑘(⋅) (see Li and Wooldridge (2002) for further details). Assumption 1(vi)
implies that (2𝜐 > 𝑞𝑥1 + 𝑞𝑧1 + 1) or (2𝜐 > 𝑞𝑥1 + 𝑞𝑧1 + 2) (because 𝜐 is an integer), which is equivalent to the condition
(𝜐 > (𝑞𝑥1 + 𝑞𝑧1 + 1)∕2), as in Robinson (1988) or Li and Stengos (1996). Consequently, a standard second-order
kernel (𝜐 = 2) may be used provided that (𝑞𝑥1 + 𝑞𝑧1 + 1) ≤ 3. Alternatively, Li (1996) proposes a weaker condition
under which the use of a standard second-order kernel remains valid. Nonetheless, in this chapter we adopt the stronger
condition stated in Assumption 1(vi), as it facilitates a relatively straightforward proof of the asymptotic properties of
the proposed estimators.

The following theorem collects the main asymptotic features of the parametric estimator 𝛽 proposed in the second
stage.
Theorem 1. Let 𝜂𝑖 = 𝑋2𝑖 − 𝜉2𝑖 and 𝜉2𝑖 = 𝐸(𝑋2𝑖|𝑋1𝑖,𝑊 𝑐

𝑖 , 𝑢𝑖). Under Assumption 1, as 𝑁 → ∞ we get

√

𝑁(𝛽 − 𝛽)
𝑑
→  (0,Ψ−1

𝑎 Ω𝑎Ψ−1
𝑎 ),

provided Ψ𝑎 is positive definite, where Ψ𝑎 = 𝐸(𝜂𝑖𝜂⊤𝑖 𝑓
2
𝑖 ), Ω𝑎 = 𝜎2𝜖𝐸(𝜂𝑖𝜂⊤𝑖 𝑓

4
𝑖 ), and 𝑓𝑖 = 𝑓 (𝑋1𝑖,𝑊 𝑐

𝑖 , 𝑢𝑖).

Theorem 1 demonstrates that the estimator 𝛽 is asymptotically normal and √

𝑁-consistent, with its limiting
distribution characterized by a sandwich-form covariance matrix. Given the previously described two-stage estimation
approach, this result formalizes the impact of using residuals in the second stage to control for the endogeneity
issue. Specifically, the term 𝜂𝑖 = 𝑋2𝑖 − 𝜉2𝑖 ensures that the variation used to identify 𝛽 is orthogonal to the
nonparametric component. This orthogonalization is crucial for achieving unbiased estimation in the presence of
potentially endogenous or high-dimensional controls. The form of the asymptotic variance reflects the influence of
the first-stage estimation on the overall efficiency of 𝛽. The result in Theorem 1 builds upon the theoretical frameworks
developed for Theorem 2.1 in Li and Wooldridge (2002) for a different setting, ensuring that standard inference
procedures remain valid. The detailed proof is available upon request.

Considering now the asymptotic properties of the nonparametric estimator 𝑚̂(𝑥1, 𝑤𝑐
1). The following regularity

conditions are imposed to ensure its desirable asymptotic properties.
Assumption 2.

(i) 𝜔(⋅) is a positive weighting function that is defined on the compact support 𝕎, twice continuously differentiable,
∫𝕎 𝜔(𝑢)𝑑𝑢 = 1, and ∫𝕎 𝑚(𝑢)𝜔(𝑢)𝑑𝑢 = 0.

(ii) 𝑘(⋅) is a second-order kernel that is positive, bounded, symmetric, and defined on the support 𝕎.

(iii) ℎ3 = ℎ0𝑁
−1∕(4+𝑞𝑥1+𝑞𝑧1 ), where ℎ0 is a positive bandwidth.

Note that the positiveness of the weighting function𝜔(⋅) is not essential for the asymptotic analysis and it is assumed
here to facilitate the use of Monte Carlo methods for numerical integration. The remaining conditions on 𝜔(⋅) primarily
serve normalization purposes. In particular, if ∫𝕎 𝜔(𝑢)𝑑𝑢 ≠ 1, then the estimator 𝑚̂(𝑥1, 𝑤𝑐) is identified only up to
a multiplicative constant. Similarly, if the condition ∫𝕎 𝑚(𝑢)𝜔(𝑢)𝑑𝑢 = 0 is not imposed, the estimator 𝑚̂(⋅) may be
identified only up to an additive constant (see Qian and Wang (2012) for a deeper explanation).

Let 𝑚̂(𝑥1, 𝑤𝑐) be defined as in (??), the following theorem contains the main asymptotic properties of the
nonparametric estimator.
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Theorem 2. Under Assumptions 1 and 2, as 𝑁 → ∞ we get

𝑁2∕(4+𝑞𝑥1+𝑞𝑧1 ){𝑚̂(𝑥1, 𝑤𝑐) − 𝑚(𝑥1, 𝑤𝑐)}
𝑑
→  (𝐵𝑎(𝑥1, 𝑤𝑐), 𝑉𝑎(𝑥1, 𝑤𝑐))

where

𝐵𝑎(𝑥1, 𝑤𝑐) =
ℎ20𝜅

(𝑞𝑥1+𝑞𝑧1 )
2
2

[

𝑡𝑟{𝑚(𝑥1, 𝑤𝑐)} − ∫𝕎
𝑡𝑟{𝑚(𝑢)}𝜔(𝑢)𝑑𝑢

]

,

𝑉𝑎(𝑥1, 𝑤𝑐) =
𝜅(𝑞𝑥1+𝑞𝑧1 )𝜎2𝜖

ℎ
𝑞𝑥1+𝑞𝑧1
0

(

∫𝕎
𝜔2(𝑢)

𝑓 (𝑥1, 𝑤𝑐 , 𝑢)
𝑑𝑢

)

,

and 𝑚(𝑥1, 𝑤𝑐) is the Hessian matrix of 𝑚(𝑥1, 𝑤𝑐).

Theorem 2 characterizes the asymptotic distribution of the nonparametric estimator 𝑚̂(𝑥1, 𝑤𝑐), showing that it
converges at rate 𝑁2∕(4+𝑞𝑥1+𝑞𝑧1 ) to a Normal distribution with a non-zero bias term 𝐵𝑎(𝑥1, 𝑤𝑐) and variance 𝑉𝑎(𝑥1, 𝑤𝑐).
This result, aligned with the marginal local linear estimation framework proposed by Qian and Wang (2012), highlights
the classical bias–variance trade-off in kernel-based estimation. The bias term depends on the curvature of the unknown
regression function 𝑚(⋅), as captured by the trace of its Hessian matrix, adjusted to ensure identification through
integration against the weighting function 𝜔(⋅). The asymptotic variance reflects both the smoothing properties of
the kernel and the conditional error variance 𝜎2𝜖 , scaled by the local density and the weighting function. These results
confirm that the estimator is pointwise asymptotically normal but exhibits local bias. The proof of this theorem is
straightforward combining the proof schemes of Theorem 2 in Qian and Wang (2012) and in Lemma B.1 in Su and
Ullah (2008). The detailed proof is available upon request.

4. Monte Carlo Simulations
We evaluate finite-sample performance using two data-generating processes:

DGP1 ∶ 𝑌𝑖 =
exp(𝑊𝑖)

1 + 3 exp(𝑊𝑖)
+ 𝛽𝑋𝑖 + 𝜖𝑖, (14)

DGP2 ∶ 𝑌𝑖 = −1
2 + sin(2𝑊𝑖)

+ 𝛽𝑋𝑖 + 𝜖𝑖, (15)

where 𝛽 = 1, 𝑋𝑖 ∼ i.i.d.  (−5, 5), and the endogenous variable follows
𝑊𝑖 = 𝑐0𝑍1𝑖 + sin(𝑋𝑖) + 𝑢𝑖, (16)

with 𝑍1𝑖 ∼ i.i.d.  (−5, 5) and 𝑐0 = 1 (strong instrument). The errors are jointly normal:
(

𝜖𝑖
𝑢𝑖

)

∼ i.i.d. 
((

0
0

)

,
(

1 𝜃
𝜃 1

))

, (17)

where 𝜃 ∈ {0, 0.3, 0.6} controls the degree of endogeneity.
Note that under the bivariate normal specification (17), the conditional expectation 𝐸[𝜖𝑖 ∣ 𝑢𝑖] = 𝜃𝑢𝑖 is linear in

𝑢𝑖. This means the GVZ parametric correction 𝜌𝜁𝑖 is correctly specified in this Monte Carlo design, so the simulation
provides a conservative benchmark: the nonparametric CF estimator is not designed to exploit this additional structure,
yet must still perform adequately.

We set the number of replications to 𝑅 = 1,000, use the Epanechnikov kernel 𝑘(𝑢) = 0.75(1 − 𝑢2)𝟏{|𝑢| ≤ 1}, and
consider 𝑁 ∈ {100, 200, 400}. Performance of 𝛽 is assessed by bias, standard deviation (Sd), and RMSE; performance
of 𝑚̂(⋅) by RMSE:

Bias𝛽 = 1
𝑅

𝑅
∑

𝑟=1
(𝛽𝑟 − 𝛽), (18)
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Table 1
Finite-sample performance of 𝛽

DGP1 DGP2

𝜃 𝑁 Bias Sd RMSE Bias Sd RMSE

0 100 −0.0015 0.0544 0.0544 0.0030 0.0677 0.0678
200 −0.0034 0.0416 0.0418 −0.0029 0.0495 0.0496
400 −0.0014 0.0284 0.0285 −0.0029 0.0356 0.0357

0.3 100 −0.0058 0.0523 0.0526 −0.0075 0.0645 0.0650
200 −0.0106 0.0412 0.0426 −0.0096 0.0489 0.0498
400 −0.0145 0.0286 0.0320 −0.0155 0.0360 0.0392

0.6 100 −0.0118 0.0532 0.0545 −0.0127 0.0656 0.0668
200 −0.0206 0.0421 0.0469 −0.0198 0.0495 0.0533
400 −0.0280 0.0292 0.0405 −0.0293 0.0366 0.0469

Note: Average bias, standard deviation (Sd), and RMSE of 𝛽 over 1,000 replications. Results trimmed to the 10%–90% quantile
range.

RMSE𝑚 =

[

1
𝑁

𝑁
∑

𝑖=1

(

𝑚̂𝑟(𝑤𝑖) − 𝑚(𝑤𝑖)
)2
]1∕2

. (19)

Results are trimmed to the 10%–90% quantile range to exclude extreme replications, following Martins-Filho and Yao
(2012) and Delgado and Parmeter (2014).

Table 1 reports results for 𝛽. The estimator is consistent under both DGPs and all levels of endogeneity: bias,
standard deviation, and RMSE all decline systematically as 𝑁 increases from 100 to 400. Under 𝜃 = 0, performance
matches the standard exogenous case. As 𝜃 increases, bias grows modestly but remains bounded, confirming that the
nonparametric CF correction effectively absorbs the endogeneity-induced dependence. No evidence of divergence or
instability is found even at 𝜃 = 0.6.

Figure 1 shows boxplots of RMSE𝑚 across replications. The RMSE of 𝑚̂(⋅) declines consistently with 𝑁 and
remains stable across levels of 𝜃, confirming that the nonparametric component converges at the expected kernel rate
and is not materially distorted by endogeneity when the CF correction is applied.

5. Illustration: Engel Curves for Rural China
5.1. Data and Model Specification

We apply the proposed three-stage estimator to the dataset of Gong et al. (2005), drawn from the 1995 Rural
Household Income and Expenditure Survey covering 5,394 nuclear families across 19 Chinese provinces. The analysis
focuses on the alcohol and tobacco budget share, which is the only commodity group for which Gong et al. (2005)
reject exogeneity of total expenditure, making it the natural testing ground for the proposed nonparametric control
function strategy. The endogenous variable is log per capita total expenditure (ln 𝑐), and the excluded instrument is log
per capita disposable income (ln 𝑑𝑖𝑛𝑐).

The structural equation takes the form
𝑦𝑖 = 𝛽′𝑥𝑖 + 𝑚(ln 𝑐𝑖) + 𝜖𝑖, (20)

where 𝑦𝑖 is the alcohol and tobacco budget share expressed as a percentage of total consumption expenditure, and 𝑥𝑖collects the household composition variables, age controls, and regional dummies listed in Table 2. Expressing 𝑦𝑖 as a
percentage allows direct comparison with the GVZ Table III estimates throughout. The first-stage equation is

ln 𝑐𝑖 = 𝑔(ln 𝑑𝑖𝑛𝑐𝑖) + 𝑢𝑖, (21)
estimated by univariate local linear kernel regression. The structural Engel curve 𝑚(ln 𝑐𝑖) is then recovered from the
jointly estimated bivariate surface 𝑚0(ln 𝑐, 𝑢̂) by marginal integration over 𝑢̂.
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Table 2
Variables entering the parametric component 𝛽′𝑥𝑖

Variable Description

age/100, age2/10,000 Average age of husband and wife (quadratic)
dcoast, dmiddle Regional dummies (omitted: western area)
child6, girl6 % children / female children aged 0–5
child12, girl12 % children / female children aged 6–12
child15, girl15 % children / female children aged 13–15
child18, girl18 % children / female children aged 16–18
padu, pfadu % adult / female adult members
num Number of household members

5.2. Motivation for a Nonparametric First Stage and Comparison with the GVZ Approach
The identifying rationale for replacing the GVZ linear first stage with the nonparametric specification (21) is directly

visible in GVZ’s own Figure 2, which presents a nonparametric kernel regression of lnc on lndinc. The estimated
relationship is far from linear: total consumption is essentially flat for families at the bottom of the income distribution
— reflecting the dominance of home-produced food consumption, which accounts on average for 66.9% of food intake
and 37.6% of total consumption — and only rises with disposable income beyond a threshold roughly corresponding
to the 20th percentile of the income distribution. This pattern is consistent with a kink or threshold nonlinearity that
no polynomial in ln 𝑑𝑖𝑛𝑐 can adequately capture.

To see why this matters, it is instructive to set out precisely what changes when moving from the GVZ approach to
the present one, since both rely on Robinson’s partialling-out but differ in the conditioning set and in how the first-stage
residuals are constructed. GVZ define a linear first stage

ln 𝑐𝑖 = 𝛾 ′𝑧𝑖 + 𝜁𝑖 (22)
where 𝑧𝑖 = (𝑥′𝑖, ln 𝑑𝑖𝑛𝑐𝑖)

′ is the vector of instruments stacking all parametric regressors 𝑥𝑖 and the excluded instrument
ln 𝑑𝑖𝑛𝑐𝑖 (log disposable family income per capita), 𝛾 is a conformable coefficient vector, and 𝜁𝑖 is the first-stage error
satisfying 𝐸[𝜁𝑖 ∣ 𝑧𝑖] = 0. OLS estimation of (22) yields residuals 𝜁𝑖 = ln 𝑐𝑖 − 𝛾̂ ′𝑧𝑖, which are used as the control
function in the second stage. GVZ estimates the following partially linear model:

𝑦𝑖 = 𝛽′𝑥𝑖 + 𝐹 (ln 𝑐𝑖) + 𝜌 𝑢̂𝑖 + 𝜀𝑖, (23)
where 𝑦𝑖 denotes the alcohol and tobacco budget share, 𝐹 (⋅) is an unknown smooth function of ln 𝑐𝑖 alone, 𝜁𝑖 is the
OLS residual from a linear first stage, and 𝜌 is a scalar parameter capturing the linear projection of the structural error
𝜖𝑖 onto 𝜁𝑖, that is, 𝐸[𝜖𝑖 ∣ 𝜁𝑖] = 𝜌𝜁𝑖.The nonparametric first stage (21) avoids the source of bias coming from possible misspecification by letting the
data determine the shape of 𝑔(⋅), producing residuals 𝑢̂𝑖 = ln 𝑐𝑖 − 𝑔(ln 𝑑𝑖𝑛𝑐𝑖) that isolate only the component of ln 𝑐𝑖unexplained by disposable income, without imposing any functional form restriction.

The present approach instead defines the following:
𝑦𝑖 = 𝛽′𝑥𝑖 + 𝑚0(ln 𝑐𝑖, 𝑢̂𝑖) + 𝜈∗𝑖 , (24)

where 𝑢̂𝑖 is the nonparametric first-stage residual from (21) and 𝑚0(𝑤, 𝑢) ≡ 𝑚(𝑤) + 𝜃(𝑢), with 𝜃(𝑢) = 𝐸[𝜖𝑖 ∣ 𝑢𝑖 = 𝑢]
denoting the unknown control function (see Section (2)). The key difference relative to (23) is that 𝑚0(⋅, ⋅) is a bivariate
nonparametric surface estimated jointly over (ln 𝑐𝑖, 𝑢̂𝑖): Robinson’s partialling-out is now applied conditioning on
the pair (ln 𝑐𝑖, 𝑢̂𝑖). No parametric form is imposed on either 𝑚(⋅) or 𝜃(⋅). The structural Engel curve 𝑚(ln 𝑐𝑖) is then
disentangled from the control function 𝜃(𝑢̂𝑖) by marginal integration over the empirical distribution of 𝑢̂𝑖, as described
in Section 2.1.

It follows that the GVZ estimator is a special case of the present one, obtained under two additional parametric
restrictions: (i) 𝑔(⋅) is constrained to be linear, so that the first-stage residuals 𝑢̂𝑖 are OLS residuals; and (ii) the control
function 𝜃(⋅) is constrained to be linear in its argument, 𝜃(𝑢) = 𝜌𝑢. The proposed estimator imposes neither restriction,
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Table 3
Comparison of estimation approaches

Feature GVZ (2005) Present approach

First stage OLS: ln 𝑐 = 𝜋′𝑧 + 𝜁 Local linear: ln 𝑐 = 𝑔(ln 𝑑𝑖𝑛𝑐) + 𝑢
First-stage residual 𝜁𝑖, from linear regression 𝑢̂𝑖, from kernel regression
Control function 𝜌𝜁𝑖, parametric (linear) 𝜃(𝑢̂𝑖) = 𝐸[𝜖 ∣ 𝑢̂𝑖], nonparametric
Robinson conditioning Univariate on ln 𝑐 Bivariate on (ln 𝑐, 𝑢̂)
Recovery of 𝑚(⋅) Direct from Robinson step Marginal integration over 𝑢̂
Identifying assumption Linear 𝑔(⋅) and 𝐸[𝜖 ∣ 𝜁 ] = 𝜌𝜁 𝐸[𝜖 ∣ 𝑍, 𝑢] = 𝐸[𝜖 ∣ 𝑢] only
√

𝑁-consistency of 𝛽 Yes (if restrictions hold) Yes (unconditional on functional form)

requiring only the identifying condition 𝐸[𝜖𝑖 ∣ 𝑍𝑖, 𝑢𝑖] = 𝐸[𝜖𝑖 ∣ 𝑢𝑖], which is strictly weaker than the GVZ assumptions.
Table 3 summarises the key differences.

The primary empirical question is whether the 𝛽 estimates on the girl∗ variables — which measure gender
differentials in the alcohol and tobacco share net of total expenditure and household composition — change
meaningfully when both parametric restrictions are relaxed. Gong et al. (2005) find no significant gender differential
in this commodity group. The robustness of that conclusion to a more flexible identification strategy is what the
comparison below assesses.
5.3. Results and Comments

Tables 4 and 5 report the estimated parametric component 𝛽 under the two specifications. Table 4 treats ln 𝑐𝑖 as
exogenous and estimates the standard Robinson (1988) partially linear model with univariate nonparametric component
𝑚(ln 𝑐𝑖). Table 5 applies the three-stage nonparametric control function estimator described in Section 2, with the first-
stage residuals 𝑢̂𝑖 obtained from a local linear regression of ln 𝑐𝑖 on ln 𝑑𝑖𝑛𝑐𝑖. Both tables also report, for reference, the
GVZ estimates from their Table III. All coefficients are expressed in percentage-point units, so that a coefficient of
−0.763 on num, for instance, implies that one additional household member is associated with a reduction of 0.763
percentage points in the alcohol and tobacco share.

The estimates are consistent with Gong et al. (2005) in sign across all variables, and the pattern of significance
is broadly aligned. Magnitude differences remain, and are attributable to three sources: the present approach uses
a nonparametric first stage and a nonparametric control function, whereas GVZ impose linearity on both; the GVZ
estimates additionally include the endogeneity correction coefficient 𝜌̂ as a regressor, which absorbs some variation that
here is captured nonparametrically; and differences in bandwidth selection — GVZ use Generalised Cross-Validation,
while the present approach uses Silverman’s rule of thumb — may account for residual discrepancies. Notwithstanding
these differences, the qualitative conclusions are stable across approaches.

The household size coefficient (num) is negative and significant in both specifications, pointing to economies of
scale in alcohol and tobacco consumption: larger households allocate a smaller share of the budget to these goods,
consistent with GVZ and with earlier results for rural Pakistan by Bhalotra and Attfield (1998). Regional dummies
confirm that coastal households spend a systematically higher share on alcohol and tobacco relative to the western
baseline, consistent with GVZ’s conjecture of regional price differentials, though the coastal effect in the present
approach (0.333 and 0.162 percentage points under the exogenous and endogenous specifications, respectively) is
smaller in magnitude than GVZ’s estimate of 0.881 percentage points. This attenuation likely reflects the nonparametric
treatment of the income-expenditure relationship, which absorbs part of the regional variation in total consumption
levels.

The child composition variables exhibit a consistent pattern of negative point estimates on the child∗ variables
across all age groups, indicating that households with a larger fraction of children allocate less to alcohol and tobacco
net of total consumption. Under the exogenous specification, only child18 is individually significant at conventional
levels (𝑡 = −2.19). The endogeneity correction sharpens these estimates: child6 (𝑡 = −2.18), child12 (𝑡 = −2.44),
and child18 (𝑡 = −3.27) all become significant, with point estimates moving closer to the GVZ values. This
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Table 4
Exogenous PLM estimates: alcohol and tobacco share (percentage points)

Present approach (exogenous) GVZ (2005) Table III

Variable 𝛽 S.E. 𝑡-stat 𝛽 S.E. 𝑡-stat

num −0.134 0.040 −3.397 −0.763 0.224 −3.400
padu 0.151 0.311 0.486 0.149 0.414 0.360
pfadu −0.585 0.304 −1.923 −0.277 0.419 −0.660
child6 −0.897 0.578 −1.550 −2.010 0.798 −2.520
girl6 0.025 0.487 0.051 0.377 0.724 0.520
child12 −0.834 0.458 −1.820 −1.709 0.612 −2.790
girl12 −0.265 0.280 −0.944 −0.033 0.413 −0.080
child15 −0.910 0.489 −1.860 −1.263 0.635 −1.990
girl15 −0.702 0.419 −1.675 −1.080 0.590 −1.830
child18 −1.033 0.472 −2.190 −2.032 0.631 −3.220
girl18 −0.397 0.401 −0.990 −0.044 0.551 −0.080
age/100 4.882 3.158 1.546 5.164 4.099 1.260
age2/10,000 −8.136 3.583 −2.271 −9.897 4.758 −2.080
dcoast 0.333 0.087 3.837 0.881 0.125 7.030
dmiddle 0.089 0.059 1.502 0.463 0.097 4.780

Notes: Dependent variable is the alcohol and tobacco budget share expressed in percentage points. ln 𝑐𝑖 is treated as exogenous. The nonparametric
component 𝑚(ln 𝑐𝑖) is estimated by the Robinson (1988) partialling-out procedure, conditioning on ln 𝑐𝑖 alone, with Epanechnikov kernel and Silverman

rule-of-thumb bandwidth. GVZ estimates are taken from Table III of Gong et al. (2005); their standard errors are recovered as 𝛽∕𝑡-stat. 𝑁 = 5,394.

pattern is consistent with a resource-competition story in which the endogenous variation in ln 𝑐𝑖 confounds the child-
composition effect when left uncorrected, and the nonparametric control function successfully disentangles the two
channels.

Gender composition of the child population has no detectable effect on alcohol and tobacco spending. All girl∗
coefficients are individually insignificant across both specifications, with the sole exception of girl15 under the
endogeneity-corrected model (𝑡 = −2.01), a result also close to borderline significance in GVZ (𝑡 = −1.83). This
is consistent with GVZ’s finding that alcohol and tobacco is a category of typical adult goods for which no sexual bias
in household allocation is present. The borderline girl15 result should be interpreted with caution given the number
of hypotheses tested simultaneously across age groups.

The age profile of the household head presents a notable contrast across the two specifications. Under the exogenous
model the quadratic age term is significant (𝑡 = −2.27), implying a concave life-cycle profile for alcohol and tobacco
spending: the share rises with average parental age up to a peak and then falls. Under the endogeneity-corrected model
both age terms lose significance entirely (age/100: 𝑡 = 0.58; age2/10,000: 𝑡 = −1.32). This reversal reflects the
fact that average age is correlated with total consumption levels in the cross-section — older couples tend to be at a
higher point in the life cycle of earnings — so that correcting for the endogenous variation in ln 𝑐𝑖 removes a spurious
projection of household life-cycle position onto the age coefficients. GVZ report 𝑡-statistics of 1.26 and −2.08 for the
age terms, intermediate between the two sets of estimates presented here, which is consistent with their linear first-stage
correction capturing only part of the endogeneity channel.

Taken together, the results confirm that endogeneity of total expenditure matters for the alcohol and tobacco share
equation — as GVZ themselves find — and that the nonparametric relaxation of both the first-stage functional form
and the control function shape alters the estimates in economically interpretable ways. The primary conclusion of
Gong et al. (2005) regarding the absence of gender bias in alcohol and tobacco allocation is robust to both relaxations:
no significant gender differential is found in either specification, and the proposed estimator provides a more credible
identification of this null result by dispensing with the parametric restrictions that the data, as shown in GVZ’s own
Figure 2, do not support.
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Table 5
Endogenous PLM estimates: alcohol and tobacco share (percentage points)

Present approach (endogenous) GVZ (2005) Table III

Variable 𝛽 S.E. 𝑡-stat 𝛽 S.E. 𝑡-stat

num −0.095 0.040 −2.414 −0.763 0.224 −3.400
padu 0.001 0.323 0.004 0.149 0.414 0.360
pfadu −0.516 0.324 −1.595 −0.277 0.419 −0.660
child6 −1.216 0.558 −2.179 −2.010 0.798 −2.520
girl6 0.128 0.473 0.270 0.377 0.724 0.520
child12 −1.086 0.444 −2.444 −1.709 0.612 −2.790
girl12 −0.265 0.280 −0.948 −0.033 0.413 −0.080
child15 −0.764 0.485 −1.575 −1.263 0.635 −1.990
girl15 −0.849 0.423 −2.006 −1.080 0.590 −1.830
child18 −1.476 0.451 −3.270 −2.032 0.631 −3.220
girl18 0.005 0.407 0.011 −0.044 0.551 −0.080
age/100 1.838 3.198 0.575 5.164 4.099 1.260
age2/10,000 −4.792 3.627 −1.321 −9.897 4.758 −2.080
dcoast 0.162 0.084 1.937 0.881 0.125 7.030
dmiddle 0.101 0.062 1.620 0.463 0.097 4.780

Notes: Dependent variable is the alcohol and tobacco budget share expressed in percentage points. ln 𝑐𝑖 is treated as endogenous. The first-stage
residuals 𝑢̂𝑖 are obtained from a local linear kernel regression of ln 𝑐𝑖 on ln 𝑑𝑖𝑛𝑐𝑖. The bivariate nonparametric surface 𝑚0(ln 𝑐𝑖, 𝑢̂𝑖) is estimated by

Robinson’s (1988) partialling-out procedure conditioning on (ln 𝑐𝑖, 𝑢̂𝑖) jointly. The structural Engel curve 𝑚(ln 𝑐𝑖) is recovered by marginal integration of
𝑚0 over the empirical distribution of 𝑢̂𝑖. Epanechnikov kernel, Silverman rule-of-thumb bandwidth throughout. GVZ estimates are taken from Table III

of Gong et al. (2005); their standard errors are recovered as 𝛽∕𝑡-stat. 𝑁 = 5,394.
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Figure 1: Finite-sample performance of 𝑚̂(⋅)

Note: Boxplot of RMSE𝑚 over 1,000 replications for the nonparametric estimator of 𝑚(⋅).
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