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Abstract

We study nonparametric identification of gross-output production functions in which
productivity enters nonseparably, relaxing Hicks neutrality, and use the framework to
measure the bias of technical change. Under perfect competition, we extend Gandhi
et al. (2020) (GNR) to identify output elasticities, and then impose an empirically mo-
tivated homogeneity restriction to obtain full identification of the technology. Under
imperfect competition with revenue data, markups and returns to scale (RTS) are dif-
ficult to separately identify. We therefore calibrate RTS for point identification and
show that the implied directions and relative magnitudes of technological bias are in-
variant to this calibration. Applying the framework to Chinese manufacturing firms
(1998-2007), we find that technical change is predominantly capital-biased and least
favorable to labor. Yet in the realized data, the marginal product of labor (MPL)
rises the most over the decade. A decomposition resolves this apparent paradox: MPL
growth is driven primarily by capital and materials deepening through factor comple-
mentarities rather than by productivity growth, whereas for capital and materials the
opposite pattern holds. These findings point to biased technical change as a distinct

force behind the pronounced factor deepening observed over this period.
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1 Introduction

Production functions are among the foundational tools of applied economics. Estimated
using firm-level data, they deliver direct evidence on key supply-side objects, including total
factor productivity (TFP), output elasticities, marginal products, and returns to scale. They
also serve as inputs for the measurement of other economically important objects, such as
markups, markdowns, and allocative efficiency. A pervasive restriction in the production
function literature, however, has been the assumption of Hicks-neutral productivity, whereby
latent productivity enters additively in logs and scales all marginal products proportionally.
While analytically convenient, Hicks-neutral models fail to capture an important economic
reality: technical change may be biased, raising the marginal product of some inputs more
than others.

This is consequential for at least two reasons. First, Hicks-neutral models are inherently
ill-suited to answer a central question: which inputs benefit most from technological progress?
Measuring the direction and magnitude of technological bias is important in its own right,
because it shapes relative input demand and the distribution of gains from technology across
factors of production. It may also matter for aggregate distributional trends. In particular,
a growing literature argues that biased technical change is a key force behind the secular
decline in the labor share (e.g., Doraszelski and Jaumandreu, 2018; Zhang, 2019; Oberfield
and Raval, 2021). Second, imposing Hicks neutrality when the true technology is non-
Hicksian can induce production-function misspecification. This misspecification can distort
estimates of fundamental supply-side objects and thereby contaminate downstream measures
built from them. For instance, Demirer (2020) shows that ignoring non-Hicksian productivity
leads to underestimation of variable-input elasticities and hence overstatement of markups,
while Rubens et al. (2024) find that the Hicks-neutral restriction can substantially overstate
markdowns.

Building on the conventional proxy-variable approach (Olley and Pakes, 1996; Levin-
sohn and Petrin, 2003; Ackerberg et al., 2015; Gandhi et al., 2020), this paper develops a
nonparametric framework for the identification and estimation of gross-output production
functions in which productivity enters flexibly and nonseparably. By permitting unrestricted
interactions between productivity and inputs, the framework relaxes the Hicks-neutrality re-

striction and allows for biased technical change. It therefore accommodates richer forms



of technological heterogeneity and reduces the risk of misspecification relative to standard
Hicks-neutral models.

Our way of relaxing Hicks neutrality differs from the factor-augmenting approach that
has become prominent in the recent literature (e.g., Doraszelski and Jaumandreu, 2018;
Zhang, 2019; Demirer, 2020; Raval, 2019; Oberfield and Raval, 2021). The two approaches
entail different trade-offs. Factor-augmenting models can accommodate multiple, factor-
specific productivity shifters, but they typically impose a CES form in inputs and restrict
non-Hicksian productivity to operate through input augmentation rather than allowing it to
alter, for instance, substitution patterns across inputs. Our framework instead allows a sin-
gle scalar productivity term to enter the production function nonseparably, imposing weaker
functional-form restrictions. The approaches also differ practically. Factor-augmenting mod-
els typically require input price data and at least two flexible inputs, including labor, making
them less well suited to environments in which labor adjusts dynamically; they also generally
assume perfectly competitive labor markets,! so markdowns may be observationally con-
founded with labor-augmenting productivity in the identifying first-order conditions. Our
approach requires neither input price data nor a flexible labor input—only flexible interme-
diate inputs’—and is agnostic about labor-market structure.”

We begin with the benchmark case of perfect competition and then extend the analysis
to imperfect competition, which underlies our main empirical application. Under perfect
competition, we extend the first-order-condition approach of Gandhi et al. (2020) (GNR)
and show that the output elasticities with respect to capital, labor, and materials are identi-
fied at each observation. We term this result reduced-form identification: the elasticities are
identified along the equilibrium manifold generated by firms’ input choices, even though the
underlying structural production function remains unidentified absent further restrictions.
We then establish that the structural technology is fully identified under an additional ho-
mogeneity restriction. A brief application to manufacturing data from Chile and Colombia
(Appendix [) suggests that the proposed estimators perform well, that Hicks-neutral spec-
ifications systematically overstate labor elasticities, and that homogeneity is a reasonable
empirical approximation.

Extending the framework to imperfect competition introduces a familiar data limitation:

1A notable exception is Rubens et al. (2024).

2In the main text, we treat labor as predetermined, but Appendix B explains how this timing assumption
can be relaxed via an IV approach.

3 Although our non-Hicksian framework can accommodate markdowns, they are not the focus of this
paper, and we leave their explicit treatment to future work.



most production datasets report revenue but not physical quantities. To obtain consistent
estimates in this environment, we follow Klette and Griliches (1996) and De Loecker (2011)
in adopting a monopolistic-competition setting, while generalizing their CES demand struc-
ture to a nonparametric framework with heterogeneous markups. The central identification
difficulty is that revenue combines prices and quantities, making it hard to separate produc-
tion elasticities from demand elasticities. Equivalently, with revenue data alone, RTS and
markups are difficult to disentangle. Rather than relying on variation in an aggregate de-
mand shifter for identification, as in Klette and Griliches (1996) and De Loecker (2011), we
proceed by calibrating RTS: that is, prespecifying a value of RTS based on estimates consid-
ered plausible in the prior literature. This strategy is attractive for two reasons: economists
typically have a clear prior sense of the empirically plausible range of RTS, and, more im-
portantly, our main empirical objects of interest—the directions and relative magnitudes of
technological bias—are invariant to the particular RTS value chosen.

A key step in the identification strategy is to recover the intermediate-input demand
function. We do so by leveraging the timing and information-set assumptions in Ackerberg
et al. (2022), which pin down productivity up to a monotone transformation and thereby
permit identification of a substantially more flexible class of production functions.

To implement the theory, we propose sieve-based estimators that closely track the iden-
tification arguments. We first estimate the intermediate-input demand function and then
use the first-order conditions and cross-equation restrictions to recover output elasticities
and the structural production function.

We apply the framework to Chinese manufacturing over 1998-2007, a period of ex-
traordinary productivity growth (Brandt et al., 2012). A central question is whether this
growth favored all factors equally or was biased in ways that help explain the concurrent
capital and materials deepening observed in the data. We find that technical change was
predominantly capital-biased and least favorable to labor: holding inputs fixed, productivity
growth raised the marginal product of capital by 32%, that of materials by 22%, but that
of labor by only 12%. Yet in the realized data, the marginal product of labor rose the most
over the decade. A Divisia decomposition resolves this apparent paradox: MPL growth was
driven overwhelmingly by capital and materials deepening through factor complementari-
ties, whereas the growth in the marginal products of capital and materials was attributable
mainly to productivity growth itself. These findings point to biased technical change as
a distinct and economically meaningful force behind the pronounced capital and materials

deepening observed over this period.



This paper contributes to three literatures. First, it contributes to the proxy-variable lit-
erature by extending the approach to nonseparable production-function models and thereby
relaxing the Hicks-neutrality restriction. Second, it contributes to the literature on biased
technical change by providing a flexible and practically implementable alternative to factor-
augmenting approaches for measuring the direction and magnitude of technological bias, and
by documenting capital-biased technical change in Chinese manufacturing. Third, it con-
tributes to the literature on revenue-based production-function estimation under imperfect
competition by showing that, although markups and returns to scale are challenging to be
separately identified from revenue data alone, the direction of technological bias and the
dispersion and trends of markups are invariant to the returns-to-scale calibration.

The remainder of the paper is organized as follows. Section 2 develops identification and
estimation under perfect competition, first establishing reduced-form identification of output
elasticities at each observation and then showing that an empirically motivated homogene-
ity restriction delivers point identification of the structural technology. Section 3 extends
the framework to imperfect competition with revenue data, establishes identification up to
returns to scale, and presents a calibrated returns-to-scale strategy for point identification;
crucially, the directions and relative magnitudes of technological bias are invariant to the
particular calibration chosen. Section 4 applies the framework to Chinese manufacturing over
1998-2007, studying the bias of technical change and decomposing the growth in marginal
products into contributions from productivity and factor complementarities. Section 5 con-
cludes. Appendix B develops an IV-based relaxation of the timing assumption for labor; the

remaining appendices collect extensions, additional discussion, and technical proofs.

2 Perfect Competition
2.1 Setup

Data and Production Function. We observe a panel of firms j = 1,...,J over periods
t=1,...,T. Let (Y}, Kji, Ljz, Mj;) denote measured output, capital, labor, and intermediate
inputs (hereafter, materials), with logarithms (y;, kjt, Ly, mj;). Our asymptotic framework
holds T fixed and lets J — oo, so the joint distribution of {(y;i, kji, Ljr, mji) }1—; is identified
from the data.

For a generic (log) input i;; € {kji, ljr, mji }, we call i;; dynamic if its optimal choice in
period t depends on its lagged value, and flexible otherwise.

Output is produced by technology F; that maps observed inputs and an unobserved

productivity component wj; into output, allowing w;; to enter in a fully flexible, nonseparable



manner. Measured output may also include an ex-post shock or measurement error et
(1) Yie = Fy(Kji, Lje, Mg, €7t) et <=y = filkje, Lo, mye, wje) + €5e,

where F; is strictly increasing in wj;, and wj; is complementary to inputs (kj¢,l;, mj) in
the sense that an increase in wj; raises each input’s marginal product.” All functions are
continuously differentiable, and the support of observables provides the open-set variation

required for the differentiation and integration steps used below.

Assumptions.

Assumption 2.1 (Markovian Productivity). w;, follows a first-order Markov process,
Wit = ht(wjt—lafjt)a

where &;; is an innovation independent of all variables determined prior to its realization.”

Assumption 2.2 (Timing and Information). (i) (kj, ;) are chosen before observing w;;; (ii)
myy is flexible and chosen after observing wj; (iii) (kjt, Ljr, m;ji) are chosen without knowledge

of €j; and are independent of €.

Assumption 2.3 (Conditional Profit Maximization under Perfect Competition). Firms are
price takers in output and material markets. Conditional on (K}, Ljt, w;.), the firm chooses
M;; to solve

(2) max P E[F(Kji, Ljp, My, €7t )e" | Kjy, Lj, wje] — pe My,

it
where P; and p; denote the output and material prices.

Assumption 2.4 (Strict Monotonicity). Let mj, = ¢(kji, ljt, wji) denote the material policy
implied by (2). Then ¢, is strictly increasing in wj;.

Assumption 2.1 is standard. The framework can be extended with only minor modifica-

tions to allow for higher-order Markov dynamics and fixed effects.” Assumption 2.2 requires

4This assumption is not required for identification given the assumptions in Section 2.1; we impose it in
estimation to ensure that w;; has the standard property of a productivity index. Under the Hicks-neutral
specification, it holds automatically.

®Without loss of generality, &;; is scalar and h; is strictly increasing in &;;.

6See Lee et al. (2019) and Ackerberg (2021).



labor to be chosen prior to the innovation ;;, which strengthens conventional proxy-variable
timing. This restriction is motivated by identification concerns: even under functional-form
restrictions, allowing [;; to covary with &;; may lead to under-identification (Ackerberg et al.,
2020). Appendix B considers a relaxation that allows [;; to be correlated with &;;, building
on the IV approach for nonseparable models developed by Chernozhukov and Hansen (2005)
and extended to the timing-and-information framework by Ackerberg et al. (2022). Under
Assumptions 2.1-2.2, inputs are correlated with wj; but orthogonal to €;; moreover, only
the flexible choice m;; loads on &;;.

Assumption 2.3 renders the material problem static and yields two implications used
below: it delivers the policy ¢; (Assumption 2.4) and links the materials elasticity to the
materials revenue share (Lemma 2.1). Perfect competition in materials markets is standard
in the proxy-variable literature; we relax price-taking in output markets in Section 3.

Assumption 2.4 is the key proxy-variable condition. Strict monotonicity implies that,
conditional on (kj;, ljt), m;, is invertible in wj;, so observed materials serve as a proxy for
productivity. A sufficient condition is strict concavity of the production function in M,
together with complementarity between M, and wj, (i.e., 9*F,/OM dw > 0).

Assumption 2.4 also imposes a scalar latent state in the materials policy. It would be
violated in the presence of unobserved heterogeneity in material prices or additional latent
shocks (e.g., demand shocks or optimization errors) entering ¢;. In many applications,
materials are close to commodities, so unobserved price dispersion may be limited. When

material prices are heterogeneous but observed, they can be included as additional arguments
in ¢t-
2.2 Identification

Under perfect competition, identification proceeds in five steps. First, the first-order
condition for the static materials choice recovers the materials elasticity. Second, the deriva-
tives of the materials demand function ¢; with respect to capital and labor are identified.
Third, substituting wj; = ¢; ' (kjt, Lj¢, mj¢) into the production function identifies the reduced-
form production function ft(kjt, ljt,mj); the chain rule then delivers the output elasticities of
capital and labor—and hence returns to scale—at each observation. We term this a reduced-
form identification result, because it identifies output elasticities only along the equilibrium
manifold without pinning down the structure of the production function. Fourth, under
a support condition, the full demand function ¢, is identified, which in turn identifies the
productivity index wj;. Finally, given wj;, an empirically motivated homogeneity restriction

delivers full identification of the structural production function.



2.2.1 Identification of the Materials Elasticity

Lemma 2.1. Under Assumption 2.3, the first-order condition for the firm’s material choice

1s equivalent to

O fe(kji, Lie, mjy, wiy)
5 L =InC 41 —¢
( ) Sit Dl + l’l( 8mjt it

where sj; = In(p, M, /(PY}1)) is the log material revenue share and C' = E[e%t].
Proof. The FOC of (2) implies

OF (K, Lji, My, e7t) _
aM]t Pt-

By

Multiplying by M;;/(P,Y};) and using Yj, = Fy(-) e“* gives

M OF() e, _ Mo

Fi(-) OM FYj'
and taking logs yields (3). O

Equation (3) is the standard share-regression relationship (GNR). Since s;; is observed,
Lemma 2.1 implies that the materials elasticity df;/0Om;, is identified at each observation
once €;; is recovered (which is straightforward, as shown below).

A result similar to Lemma 3 is derived independently by Li and Sasaki (2024).

2.2.2 Identification of the Derivatives of the Materials Demand Function

Lemma 2.2. Under Assumptions 2.1-2.4 and the normalization & ~ U(0,1), the deriva-
tives Oy (kje, Lit,wji) [ Okje and Oy (kjt, Ljr, wjr) /Ol are identified at each observation.

Proof. By Assumption 2.1, wj; = hy(wji—1,&;t), and by Assumption 2.4, mj, = ¢¢(kji, Lir, wjt)

with wj;_1 = (b,;ll(kjt_l, lLjt—1,mj—1). Substituting yields the reduced-form representation
(4) My = Qgt(kjt> ljta k’jt—l, ljt—lamjt—la fjt)»

where ¢,(-) = gzﬁt(', hy (qb;ll(),gjt)). Hence, for any (k,[,k',I',;m' &), the partial derivatives
of ¢, with respect to (k,I) evaluated at (k,l,k',I',m/,§) equal the corresponding partial
derivatives of ¢; evaluated at (k,[,w) with w = (¢, Y (K, I',m'), ).

Under Assumption 2.2, (kjt, L, kje—1, Lit—1, mj—1) L & With & ~ U(0,1), ¢, is non-



parametrically identified (e.g., Matzkin (2003)).” In particular, &;; = F(mj | ki, L, Kje—1,
lLjt—1,mjt—1), SO ¢/ Okj; and ¢,/ Ol;, are identified at each observation, which implies iden-
tification of 0¢;/0kj and 0¢/0l;; at each observation. O

The proof follows Ackerberg et al. (2022). They apply the same identification argument
we use for ¢, to a value-added production function, with output y;; (rather than m; ;) as the
dependent variable.

Under the maintained assumptions, we identify these derivatives but not the full struc-
tural function ¢;, because h; (and hence wj;) is not yet identified. This is sufficient for the
reduced-form identification of output elasticities in Section 2.2.3.

2.2.3 Reduced-Form Identification of Output Elasticities
With 0¢;/0k;; and 0¢;/0l;; identified, we can recover output elasticities for each ob-

served firm. We refer to this as reduced-form identification: elasticities are identified only

on the equilibrium manifold
{(Bjes Lo, mije, wie) = mge = dulkje, e, wie)

so the result does not support counterfactual analysis away from observed choices.® No
assumptions beyond those in GNR are imposed, so the result nests GNR as the Hicks-neutral

special case.

Theorem 2.1. Under Assumptions 2.1-2.4, the output elasticities with respect to (kji, Ljr, m;i)

are identified for each observation in the data.

Proof. Tnvert ¢; and substitute w;; = ¢; ' (kjq, Lz, m;;) into the production function:

(5) yjt = ft(kjt; ljta mjt) + Ejta .ft(k;7 la m) = ft(k> la m, ¢t_1(k7 l7 m)) .

By Assumption 2.2, € L (kjt, s, mje), so fi(k,l,m) = Elyj | kjr = k,ljy = [,mj; = m)]
is identified and €j is the regression residual. With ej, identified, (3) identifies 0f;/0m;;

pointwise.

TAny scalar &;; with a strictly increasing CDF would suffice; in Section 2.3 we use &z ~ N(0,1) for
estimation convenience.

8A related reduced-form result appears in Demirer (2020), who identifies output elasticities nonparamet-
rically at observed data points for a factor-augmenting production function under an additional homothetic
separability condition.



To recover the elasticities with respect to kj; and [, differentiate (5) (suppressing sub-

scripts) to obtain

fk:fk+fw(¢_1)ka ﬁ:fl+fw(¢_1)la fm:fm+fw(¢_1>m-

Using the implicit-function identities (¢=1)/(¢™ 1) = —¢r and (¢ 1)/ (6™ ) = — ¢y, we
get

(6) fro = fo + o6(fn — fn),
(7) fl:ﬁ+¢l(fm_fm)a

which identifies f; and f; pointwise since fy, fi, fm are identified from f;, f,, is identified
from (3), and ¢y, ¢, are identified by Lemma 2.2. ]

Theorem 2.1 does not pin down elasticities at counterfactual (k,{, m,w) bundles off the
equilibrium manifold, since off the manifold m need not satisfy m = ¢;(k,[,w). Indeed, the

structural production function is not fully identified under the maintained assumptions.

Theorem 2.2. Under Assumptions 2.1-2.4, the structural production function f; is not
identified.

Proof. See Appendix F. n

Although counterfactual analysis is not available, Theorem 2.1 identifies economically
relevant objects—marginal products, factor intensities, and returns to scale—at each obser-
vation, and it enables tests of additional restrictions such as Hicks neutrality or homogeneity.
We next show that full identification follows once a homogeneity restriction is imposed.

2.2.4 Full Identification of the Materials Demand Function

To fully identify the structural production function, we first establish full identification
of the materials demand function ¢,;. Because ¢; contains a nonseparable unobservable wj;,
it is generally identified only up to a monotone transformation; full identification therefore
reduces to an ordering problem for the latent w;, (Matzkin, 2003; Ackerberg et al., 2022). A
support condition is needed to pin down this ordering.

Let zj; = (kji,l;) and vj—1 = (kji—1,lji—1,mj—1). Write ™ for the support of

(zjt, vjt—1,mj) (and analogously S, S ete.).
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Assumption 2.5 (Support Condition). (i) The support of w;; conditional on w;;—; does not
depend on wj_y. (i) &7 is path-connected. (iii) For every vy € %7, %" has nonempty inte-

rior. (iv) For every vy € 7, there exists e > O such that () eyy #° has nonempty interior.
[lv—wvo|l<e

Part (i) is a regularity condition on the productivity process, of a type routinely imposed
on unobservables in econometrics: it requires that h; can steer wj; to any part of its support
regardless of w;;_1, though the distribution of wj; given wj,_; remains unrestricted. Parts (ii)
and (iii) are minimal connectivity and relevance requirements. Part (iv)—the key condition—
says that nearby values of v share a common region of xz-support; intuitively, 3’;6'” varies
continuously with v, without discrete jumps. Parts (ii)—(iv) are strictly weaker than requiring
a global common support point for all pairs v4, v € #?, and strictly weaker than convexity
of ¥, while remaining primitive and stated entirely in terms of the observable support.”’
We view the support condition primarily as a regularity requirement: we do not impose it
directly in estimation, nor do we attempt to enforce it in the data.

Under these conditions, ¢.(kjt, 1, w;e) is fully identified, and hence the latent produc-
tivity wj; is recovered; as a byproduct, the Markov transition h(wji—1,&;:) is identified as
well. Because both wj, and &j; are latent and enter nonseparably, two normalizations are

required.

Lemma 2.3. Under Assumptions 2.1-2.5 and the normalizations wj, ~ U(0,1) and &;; ~
U(0,1), the materials demand function ¢y is fully identified.

Proof. See Appendix F. m

The proof follows Ackerberg et al. (2022) and proceeds in two steps. In the first step,
identification of the reduced-form function ¢,(x,v,£) is established via a control-function
argument: once lagged inputs are conditioned on, current capital and labor are independent
of current productivity. In the second step, the identified ¢, is used to rank firms by their
implied productivity levels under Assumption 2.5. The conditional-independence restriction
is the main economic content; the support condition serves as a regularity requirement
enabling the ranking.

Full identification of ¢, implies identification of productivity w;; even before imposing

0

structure on the production function.”” With a nonseparable technology, however, wj; is

9Even weaker—but less primitive—conditions that avoid part (i) entirely are available; see Conditions 4-6
of Ackerberg et al. (2022).
10Productivity can also be identified directly from the production function. Because

it = fi(kje L, mye, wie) + €50 = folkje, Lis, mje) + €51,

11



identified only up to a monotone transformation; its economic scale is determined jointly
with the structural production function.

A distinctive feature of our approach, relative to the conventional proxy-variable liter-
ature, is that it identifies the intermediates demand function. Recent independent work by
Kasahara and Sugita (2020) applies the transformation-model approach of Chiappori et al.
(2015) to identify the input demand function, but still assumes Hicks neutrality. Zeng (2021)
likewise uses results from Ackerberg et al. (2022) to identify an investment demand function,

focusing on value-added production functions.
2.2.5 Full Identification of the Production Function under Homogeneity

With ¢; (and hence w;;) fully identified, an empirically motivated homogeneity restric-

tion delivers full identification of the structural production function.'!

Assumption 2.6 (Homogeneity). For each fixed wji, Fy(Kji, Ljt, Mjt, €43) is homogeneous

of arbitrary degree « in (Kj, Lji, Mj;).

Cobb-Douglas and CES technologies both satisfy Assumption 2.6. Moreover, the lim-
ited dispersion in returns-to-scale estimates obtained under the reduced-form identification
(Figure 10) provides empirical support for this restriction. At the same time, homogeneity
remains compatible with non-Hicks-neutral productivity and flexible substitution patterns
across inputs. For example, the following nonseparable nested CES technology is homoge-

neous and nests the standard CES specification with labor-augmenting productivity:

Y, = (ﬁk[m(wﬁ)Kﬁ]p + (1= B) ((1 — B [Mwje) Ljg]* + B pp(wje) M; ]m)p/m)a/p’

where k(wj;), AMw;i), and p(wj) are functions of the same productivity index wj;.

Under homogeneity, identification proceeds in two further steps. First, the share equa-
tion (3) identifies the structural materials elasticity as a function of inputs and productivity.
Second, integrating this elasticity recovers the production function. The key is that ho-

mogeneity delivers a separable representation in which the materials elasticity depends on

identification of f; implies identification of €;;. It follows that

Yjt = Yjt — €jt = ft (kjh L, ¢t(kjta ljhwjt)»wjt) = ft(kjtv ljtijt)o
Under mild conditions, ft is strictly increasing in wj;, so wj; is identified in the same way as from the
input-demand function ¢;.

H Alternatively, Navarro and Rivers (2018) provide conditions for full identification of a nonseparable
production function under a separability restriction weaker than Hicks neutrality.

12



(L, M1, w;i) rather than on (kj, L, mj, wj)—breaking the functional dependence—so the
share equation pins down the elasticity structurally rather than only along the equilibrium
manifold. A more intuitive way to see this is that homogeneity imposes a functional-form
restriction that enables extrapolation from the equilibrium manifold, identifying output elas-
ticities at input—productivity combinations not observed in equilibrium and thereby pinning
down the entire structural production function.

Under Assumption 2.6, the production function admits the separable representation

Ly M

8 Y, =KeF,(1,25 2t
( ) gt jt t( 7Kjt7Kjt7

ew”) e e yp = akj+ gl My, wit) + €,

where l]’t = l]’t — kjt and Thjt =Myt — kjt-

We impose a mild regularity condition to rule out perfect functional dependence of 7

on (ljt7 (,th)Z
Assumption 2.7. With probability one,

O (kje, i, wje) | Obe(Kje, L, wie)

1.
Ok, ol 7

Since ¢, is identified, Assumption 2.7 is directly testable.
The next result identifies the structural materials elasticity. Because this requires wj;,

we invoke the support condition (Assumption 2.5) used to identify ¢, and wj;.

Theorem 2.3. Under Assumptions 2.1-2.7, the share equation can be written as

e
Sjt = lnC'—i-ln(agt( jt’m]t’%t)> — €jt,

iy

and the function 0g.(l,m,w)/0m is identified.

Proof. Lemma 2.1 implies (3). Using (8), df;/0mj = 0g¢;/0m .. With wj; identified
and Assumption 2.7 ruling out functional dependence, E[sj; | l~jt, mjt, wjt| identifies In C' +

In(dg¢/Om;i), and exponentiation yields dg;/0m ;. O
We now obtain full identification of the structural production function.
Theorem 2.4. Under Assumptions 2.1-2.7, the structural production function f; is identi-

fied.

13



Proof. On the equilibrium manifold, m;; = ¢t(ijt + kji, kji, wjt) — k. For fixed (I, wje),
Oy /Oy = O¢y/Ok + 0¢ /Ol — 1 # 0 by Assumption 2.7, so varying k;; sweeps m j; over an
interval. Fix any mo(l;¢, w;¢) in this interval. Integrating the identified dg;/0m (Theorem 2.3)
gives

it Ogi(Ljs, 7, w; S -
(9) / ) W dr = gi(Lje, Mje, wje) — 6e(Lje wie),

mo(ljt,w;t)

where 0;(1je, wjt) = gi(Lj, Mo(lje, wji), wji). Substituting (9) into (8) yields

gt Ag(Le, T, w; ~
yjt_/ N gt(%—Tﬁ)dTIOékjt+5t(ljtawjt)+€jt,

mo(Lj,wjt)
a partially linear model with identified left-hand side. Since Ele;; | kjt, th,wjt] = 0 and ¢,
does not depend on kj;, Robinson (1988) identifies o and d; pointwise. Substituting back
into (9) recovers g;, and (8) then identifies f;. O

With f; identified, counterfactual analysis becomes feasible.

2.3 Estimation

We now describe easy-to-implement sieve-based estimators.'” The first step estimates
the materials policy ¢; and the reduced-form production function f;, and recovers output
elasticities using the reduced-form identification results. The second step specifies a homo-
geneous technology and estimates its parameters by matching the reduced-form elasticities
to their model-implied counterparts. In principle, our identification arguments permit the
production function to vary over time, but in the empirical application we hold the structure
of the production function fixed over the sample period and let shifts in productivity wj;
capture technical change. Accordingly, we suppress the time subscript ¢ in what follows,
though the estimation procedures developed below can be applied period by period if one

wishes to allow the corresponding parameters to vary over time.

Estimation of Output Elasticities at Each Observation. We begin by estimating the
materials policy function ¢. The support condition is not imposed directly in estimation;
instead, it serves as a regularity condition ensuring identification of w;;. The key restriction

used for estimation is the conditional-independence assumption: conditional on lagged in-

12See Chen (2007) for a review of sieve estimators.
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puts, wj; is independent of (kj¢, ;). Under this restriction, the conditional likelihood of m
can be expressed as the density of {;; through a change of variables.
To avoid numerical inversion in w, we specify the inverse policy ¢~' and estimate it

directly. Specifically, we approximate

Wit = <Z571(kjt, L, mji) = prkje + pilje + myjy + pkkk?t + prikjcljs + Pembjimge + plll?’t
(10) + Dumliemije + Prumbkjeljeme + pkmmkjtmgz‘t + plmmljtmjz'w

imposing the normalization ¢~'(0,0,m) = m."” The sieve dimension can be adjusted to
sample size.

For the Markov process, we likewise estimate the inverse transition:
(11) &t = h™ (wje—1,wje) = ho + hewj + hiwji—1 + heew?y + hawjiwie—1 + hyws_y,
and normalize &;; ~ N(0,1).
We estimate (p, h) by (partial) maximum likelihood:
J T T

s Oh 1 (wj) Do~ (e, myy)
kit lit,kje—1,\ _ t ty t
max E E logp<mjt gjtfhmjtfl) = 5 g llogp(@t) +log ——— 4 log —— LI

j=1 t=2 j=1 t=2 Owjs Imjy

where the equality follows from a change of variables that introduces the Jacobian terms
associated with h~! and ¢~ 1.

The Jacobian terms also serve as implicit shape enforcement. Under the maintained
monotonicity restrictions, Oh~(w)/dw > 0 and ¢~ (x, m)/dm > 0, so the log-likelihood is
well-defined only on the positive-derivative region; as either derivative approaches zero from
above, its log term diverges to —oo, strongly discouraging violations. For numerical stabil-
ity, we implement these log-Jacobians using smoothed penalties based on a log_softplus
transform.'*

The second step estimates the reduced-form production function f. Given Wi =
¢ (ki Lz, mjt), equation (5) is free of endogeneity, so f can be estimated by least squares.

We approximate f with a complete third-order polynomial and estimate its coefficients b

13With a nonseparable unobservable, such normalizations are without loss of generality; see Matzkin
(2003).

41og_softplus is the smooth mapping log(softplus(z)) with softplus(z) = log(1 + €*). It behaves like
log(x) when x is sufficiently positive (since softplus(z) ~ z), while remaining finite and smooth for < 0
(since softplus(x) =~ e when x < 0), which avoids undefined logs and improves numerical stability.
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2
. T T Tm
(12) min Zt <yﬁ = > b KM, ) . TR T > 0.
]7

rE+r+rm <3

Let é;; denote the fitted residual and set C' = (JT)~! >;+exp(é¢)."” The share equation (3)

then yields the pointwise materials elasticity

af(kju ljm mt, th)

1
(13) o

= exp <sjt +€j; —In C‘) .

The elasticities with respect to k and [ follow from the identification results (6)—(7):

of of o6 (of of
(14 %—%+%<%—%>v

of of o6 (of of
(15) a—a+a<%—%>v

where derivatives of f and ¢ are available in closed form under our sieve specifications.

Estimation of the Structural Production Function. We specify the log production
function as a second-order polynomial in (kji, lj:, mj,w;i) , allowing w;; to interact with

inputs:

Yjit = f(kjta ljta M, th) + €t
(16) = Bo + Bekje + Bilje + Brmmye + Bowje + 5kk/€j2-t + Brikjilie + Brmkjemje + Brwkjiwi
+ Blll?t + Blmljtmjt + Blwljtwjt + ﬁmmmit + /Bmwmjtwjt + ﬁwwwjg‘t + €jt-

Note that wj; has already been estimated via the inversion of ¢ and can therefore be treated
as an observed regressor. Nevertheless, (16) cannot simply be estimated by regressing y;; on
(kji, Lir, mji, w;i), because the regressors are functionally dependent: myj, = ¢u(kji, L, wie).
As our identification arguments make clear, recovering the structural production function
requires combining the homogeneity condition with the materials first-order condition. We
impose homogeneity on (16) via a set of linear equality restrictions on the parameters and

solve out a subset of coefficients to reduce the dimension of the parameter vector; see Ap-

15Hats denote estimators throughout.
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pendix G for details.
We then estimate 8 by minimum distance, matching the model-implied elasticities
(fk]taflj”fm]t, fw]t) from the homogeneous production function (16) to the reduced-form

elasticities ( fkJ i, fl] s fmJ i, fwj ,) obtained in Section 2.3:

mln Z (wk fk_jt — ) +wl(fl — fv'ljt)Q —+ wm(fmjt - fmjt>2 +Ww(fwjt - .ijt)2>7

with weights w; set equal to the inverse of the estimated variance of fiﬁ, i€ {k,l,m,w}.
The criterion (17) identifies all elements of 3 except [3, which is recovered from the moment
restriction E(€j; | kjt, Ljr, mj, wje) = 0.

Note that the materials first-order condition has already been fully exploited in con-
structing the reduced-form elasticities. The minimum-distance matching therefore mirrors
the logic of our identification argument: homogeneity enables us to extrapolate from the equi-
librium manifold, thereby identifying output elasticities at input—productivity combinations
not observed in equilibrium and pinning down the entire structural production function.

Empirically, minimizing (17) typically yields estimated structural production functions
that largely respect standard theoretical regularities, including concavity and monotonic-
ity /complementarity. To enforce these shape restrictions more tightly, we can optionally
augment the objective with one-sided quadratic penalties for constraint violations; see Ap-
pendix G for details.

This two-step approach—estimate the reduced form first, then fit the structural model
to the reduced-form objects subject to shape constraints—leaves the reduced-form estimator
unchanged. The general strategy of estimating flexibly first and enforcing shape restrictions
in a second step is well established (e.g., Mammen et al.; 2001; Chernozhukov et al., 2009).
With a penalty weight diverging at an appropriate rate, the penalized estimator is first-order
asymptotically equivalent to the corresponding constrained extremum estimator (Gallant
et al., 2022).

We apply these estimators to Chilean and Colombian manufacturing data in Appendix [;
the results support the homogeneity restriction and document systematic overstatement of

the labor elasticity under Hicks neutrality.

3 Imperfect Competition

We now extend the analysis to imperfect competition in the output market. The data

and timing are as in Section 2, except that firms face downward-sloping demand. As in much
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of the production-function literature, we focus on the empirically common case in which only
revenues—not physical quantities—are observed.'°

With imperfect competition, revenues confound quantity and price variation, creating
the familiar problem of disentangling markups from returns to scale (Klette and Griliches,
1996; De Loecker, 2011; Bond et al., 2020).'" We address this by calibrating RTS for two
reasons: (i) economically plausible values provide a tight prior on its magnitude; and (ii) our
main empirical objects—the directions and relative magnitudes of technical-change bias—are
wnwvariant to the calibrated value. In addition, under homogeneity, markups are identified

only up to a multiplicative constant, but this does not affect their dispersion or time trends.

3.1 Setup

Market Structure and Demand. With revenue data, consistent recovery of the produc-
tion function and productivity requires modeling demand. Following Klette and Griliches
(1996) and De Loecker (2011), we assume monopolistic competition and adopt a flexible

nonparametric generalization of their CES demand system:
. /P
(18) th = Dt(—ﬁveujt) )
P
where demand depends on the firm’s relative price Pj;/Pj; (nominal price deflated by the

industry price index) and a demand shifter e%i*. Following Goldberg (1995) and De Loecker

(2011), we decompose the demand shifter as
(19) eujt = Gt(th7 Gejt) s

where Z;; collects observed demand shifters' and e%* captures an idiosyncratic disturbance.
This setup extends Klette and Griliches (1996) and De Loecker (2011): their aggregate
shifter (e.g., Q) can be included in Z;;. In our baseline theoretical setup, we abstract

from such aggregate shifters, with common aggregate variation represented parsimoniously

16 Appendix A considers the case in which output prices and quantities are observed. In that setting, point
identification can be achieved without calibrating returns to scale.

TFor example, proportional increases in inputs and revenue may reflect constant returns under perfect
competition, or increasing returns offset by lower prices under a downward-sloping demand curve.

BExamples of demand shifters in the literature include quota protection, export status, and tariff levels
(De Loecker, 2011; De Loecker and Warzynski, 2012; Brandt et al.; 2017). In our application to Chinese
manufacturing, we use ownership type as a demand shifter to capture systematic differences in demand
conditions between SOEs and private firms.
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by the time index t."” Relative to CES, (18) allows demand elasticities to vary with both
P;/ Py and e*t, accommodating heterogeneous markups. Our modeling of demand is most
closely related to Kasahara and Sugita (2020). We depart from their framework by allowing
for non-neutral production functions on the supply side and by treating the demand shock
differently.

Combining (18)—(19) yields

P, |
Qjt = Dt(P—Za thaeg’t) :

Imposing the law of demand (strictly decreasing in Pj;/Py;), we invert for relative price:

P, B ~
(20) P_jt :Dt 1(thazjtaejt)7
Jt

so deflated revenue R;; = (Pj;/Pj:)Q;: satisfies
(21) Ry = D (Qji, Zjr, ') Qjr.

Production Function. As in the perfect-competition case, we allow for a fully flexible,

nonseparable technology:

(22) Qi = Fi(Kji, Ljy, Mjy, et),

where Q)j; denotes unobserved physical output.”

Revenue Production Function. Taking logs and substituting the production function

into (21) yields the revenue production function (in logs):

Tt = d;1<qjt7 Zity €jt) + it
= %(ft(kjt; ljtamjtawjt)a Zjts Ejt)

(23) = Pu(kje, Lit, e, 2jt, Wit €5,

9Pan (ongoing work) develops a complementary approach that exploits aggregate demand shifters to
identify heterogeneous markups and returns to scale in a fully nonparametric environment.

20Unlike De Loecker (2011), we do not add measurement error to the production equation. Under CES
demand and Hicks-neutral technology, measurement error and the idiosyncratic demand shock can be com-
bined into a single reduced-form unobservable; in our nonseparable environment this aggregation typically
fails without additional structure.
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where ¢;; = logQj; and r;; = log Rj;. Since €;; is an idiosyncratic demand disturbance,
we normalize ¢, to be strictly increasing in €;;. Equation (23) is the nonparametric ana-
logue of the revenue-production-function representation in Klette and Griliches (1996) and
De Loecker (2011). Our goal is to recover the underlying technology f; from v, and thereby
study the factor bias of technological change.

Assumptions. We impose the following assumptions, which are the imperfect-competition
counterparts of those maintained under perfect competition.
Assumption 3.1 (IPC-Markovian Productivity). Productivity evolves according to a con-

trolled first-order Markov process,

Wit = ht(“jtfla Ojt—1, fjt)»

where 0,1 denotes predetermined control variables that may affect productivity dynamics,

and ¢j; is an innovation independent of all variables realized prior to it.

Assumption 3.2 (IPC-Timing and Information). (i) (kj, L1, 2;1) are chosen before the firm
observes wj; (ii) myj is flexible and chosen after observing wjy; (i) (kji, Ljr, mje, 2;1) are

determined without knowledge of €;; and are independent of ¢;;.

Assumption 3.3 (IPC-Conditional Profit Maximization). Conditional on (K, Lji, Zji, wjt),

the firm chooses M, each period to maximize expected profits,

J

(24) max B[ (F(Kje, Lje, My, €7), Zj, €9) | Ko, Lyjt, Zije, wje] — peMje,

where I'y(+) maps quantity and demand shifters into deflated revenue (as implied by (21)).

Assumption 3.4 (IPC-Strict Monotonicity). Let m;; = ¢(kjt, ljt, 2jt, wjt) denote the ma-

terials policy implied by (24). The function ¢, is strictly increasing in wj;.

Assumption 3.5 (IPC-Support Condition). Let z;, additionally include z;;, and let vj_;
additionally include (0j¢—1, 2jt—1). Assumption 2.5 (i)-(iv) holds with these enlarged state

vectors.

Assumption 3.1 generalizes the Markov specification to a controlled process, allowing
the evolution of productivity to depend on additional state variables. In the literature, ex-

amples of the control variable 0;,_; include R&D, quota protection, and ownership status
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(Doraszelski and Jaumandreu, 2013; De Loecker, 2011; Rubens et al., 2024). In our applica-
tion to Chinese manufacturing, following Rubens et al. (2024), we specify o0j;_; as a vector
of ownership indicators, allowing productivity dynamics to differ between SOEs and private
firms.

Assumption 3.2 further imposes that zj; be determined prior to the realization of wj;.
This restriction can be relaxed using arguments analogous to those developed for labor; see
Appendix B.

The main departure from perfect competition is Assumption 3.3: profits are now medi-
ated by a nontrivial (and a priori unknown) revenue mapping I';, which must be identified
from the data, whereas under perfect competition I'; reduces to the identity.

Assumption 3.4 is unchanged except that ¢, now depends on zj;. Under imperfect
competition, sufficient conditions for strict monotonicity involve both the curvature of de-
mand and the structure of the production function. A key insight of Biondi (2022) is that,
under Hicks-neutral productivity, monotonicity is governed entirely by demand curvature,
which alone can overturn it when markups are variable. With nonseparable productivity,
the complementarity between intermediates and productivity introduces an additional force
that interacts with demand curvature to determine whether monotonicity holds. We derive
these conditions formally in Appendix C, and a post-estimation consistency check confirms
that they are satisfied in our estimated model.

Assumption 3.5 is the same support requirement as before, with the state vectors en-

larged to include zj; in z;; and (0j;—1, 2j3—1) in vji_;.

3.2 Identification

Identification under imperfect competition proceeds in three steps. First, as in the
perfect-competition case, we identify the materials policy ¢;. Second, we identify the
reduced-form revenue production function 1, and show that output elasticities are identified
up to a returns-to-scale (RTS) term. Third, calibrating RTS delivers point identification of
the structural production function.

3.2.1 Identification of the Materials Demand Function

Lemma 3.1. Under Assumptions 3.1-3.5, the materials demand function ¢, is identified.”!

The proof parallels that of Lemma 2.3 and is omitted.

2LIf the goal is only identification of derivatives at each observation (and hence elasticities and markups),
the support condition in Assumption 3.5 is not required.
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3.2.2 Identification up to Returns to Scale

With revenue data, markups and returns to scale (RTS) are not separately identified:
different combinations can generate the same revenue production function. Nonetheless,
under our maintained assumptions, output elasticities—and hence markups—are identified
up to an RTS term, using arguments analogous to the reduced-form identification under
perfect competition.

Invert the materials policy and substitute wj; = (/ﬁt_l(kﬁ, Lit, zjt, mj;) into (23) to obtain

the reduced form

it = ¢t(kjt, ljta Mjts Zjt, Wit €jt)
= ¢t(/€jt, Lig, myje, 2jt, ¢t_1<kjta Lit, zjt, mjt)> ﬁjt)

(25) = ?Zt(kjn ljta Mty Zjts 5jt>7

where 1 is identified—under the normalization €;; ~ N(0,1)—by standard nonparametric
arguments (e.g., Matzkin, 2003).

Differentiating v, applying the chain rule, and invoking the materials first-order con-
dition identifies the output elasticities up to RTS. Formally, let «;; denote returns to scale

and write the output elasticity as f;,, = ozjtfiﬁ for each i € {k,l,m,w}.
Theorem 3.1. Under Assumptions 3.1-3.5, ﬁ-jt is identified fori € {k,l,m,w}.
Proof. See Appendix F. n

The proof parallels the reduced-form identification under perfect competition (Theo-
rem 2.1), but the presence of the nonlinear unobservable ¢;; introduces substantial compli-
cations. We leverage the identified ¢; and 1), and exploit the materials first-order condition
and cross-equation restrictions to solve for the output elasticities. However, the unknown
revenue mapping I'; prevents point identification; elasticities are recovered only up to RTS.

Theorem 3.1 imposes no restriction on returns to scale: firms’ RTS, a;;, may be hetero-
geneous.

Identification up to RTS is economically meaningful. First, ratios of marginal products

are identified without pinning down RTS. For instance,

MPEje i L _ fio Liv
MPL;  fi,, Kj Ji,e Ky’

t

since fi,, = aj f,J , and aj; cancels. This implies that the directions and relative magnitudes
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of factor bias in technology are identified without specifying RTS. Second, by De Loecker and
Warzynski (2012), markups satisfy pij; = fin;,/Sji; hence py, is identified up to RTS as well.
Below, we impose a homogeneity restriction and calibrate a common RTS a. Then pj; is
identified up to the multiplicative constant o, so markup dispersion and time trends are iden-
tified and invariant to the calibrated value. This echoes, and extends beyond Cobb-Douglas,
the result in De Ridder et al. (2024) that markup dispersion and trends are identifiable from
revenue data. Appendix F provides a brief empirical analysis of markup dispersion and its

evolution over time.
3.2.3 Point Identification under Calibrated Returns to Scale
Assumption 3.6 (IPC: Homogeneity with Known Degree). The production function F} is

homogeneous in (K, Lj;, M;;) of known degree a.

Knowing « pins down returns to scale without firm-by-firm calibration. As in the perfect-
competition case (Assumption 2.7), we impose a regularity condition ensuring that, under
homogeneity, the ratio-form materials input m;, = m;; — kj; is not a deterministic function

of (11, w;;) along the equilibrium manifold.

Assumption 3.7 (IPC: No Functional Dependence). With probability one,

b (Kjt, L, 2je, wjt) . b (kjt, Lit, 2jt, wit)

1.
(9kjt aljt 7&

Since ¢, is identified (Lemma 3.1), Assumption 3.7 is directly testable.

Theorem 3.2. Under Assumptions 3.1-3.7, the structural production function f; is identified

up to an additive constant.
Proof. See Appendix F. m

Under homogeneity, fi(k,l,m,w) = ak + gt([,m,w). Since « is known, recovering f;
reduces to recovering the three-argument function ¢; from its identified partial derivatives
(fi, fm, fu). Assumption 3.7 guarantees that, for any fixed zj;, the mapping (kj¢, L, wji) —
(l~jt, My, wjt) is a local diffeomorphism, so the support of (th, i, wje) contains a connected
open subset of R3. The fundamental theorem of line integrals then recovers g; up to an
additive constant, paralleling the role of Assumption 2.7 in Section 2.2.5. When the demand
shifter zj; is continuous, homogeneity is not needed for the integration step: varying zj
while holding (&, lj;, wj;) fixed sweeps out an interval of mj, values, so (k,I, m,w) fills out

a four-dimensional set and integration recovers f; directly. When z;; is discrete, as in our
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application, homogeneity of a known degree plays a dual role: it both pins down returns to

scale and enables integration by reducing the problem to three dimensions.

3.3 Estimation

The estimation procedure under imperfect competition closely parallels that under per-
fect competition. We proceed in two steps. First, we estimate the materials policy ¢; and the
reduced-form revenue production function 1);, and recover output elasticities using the iden-
tification arguments above. Second, we specify a structural production function and estimate
its parameters by matching the recovered elasticities to their model-implied counterparts.
Throughout, we calibrate returns to scale (RTS) at a plausible value av. Our main empirical
objects—the directions and relative magnitudes of technological bias—are invariant to the

chosen RTS. In addition, the same invariance holds for markup trends and dispersion.

Estimation of Output Elasticities. The estimation of the materials policy ¢ follows
Section 2.3, except that the policy includes the additional argument zj and the Markov
process includes the additional control oj;_;.

We then estimate the reduced-form revenue function 7). To avoid numerically inverting
for €;, we specify and estimate the inverse mapping Y~ " directly. Specifically, we approxi-

mate 1)~ with a second-order polynomial,

eje = V7 (Kje, Lie, My, 252, 7j¢)
= Yo+ Whje + Nljt + Ym Mt + V22je + Wrje + VerkTy + Wl + Y™y + Vet
+ Yk jelie + ViemKjeme + Yirkier e + Yimliemie 4+ Yirlierje 4+ YmeMgerje
(26) + Yezkjezje + Viljezje + Ymat 25t + VraTjeZjt,
imposing the normalization €;; ~ N(0,1). We estimate v by maximum likelihood. Let p(-)
denote the standard normal density. The log-likelihood contribution of observation (j,t) is

/,—1

8Tjt ’

log p(€;i) + log

so the estimator solves _
o1

8rjt ’

1 @) +1
max Z {ogp(ejt) og

gt

. ~ . ~ I | Lo
Given 4, we obtain €;; = ¥~ (kji, Ljr, mje, Zje, 7je; ).
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To recover an estimator of the forward mapping v, we refit rj¢ on a second-order poly-

nomial in (Kje, Ljr, mjt, 2jt, €;¢).”> We summarize the fitted function as
(27) O(kje, L, mije, zje, €30) = age + bjueje + c 5,

where a;; and bj; are (fitted) functions of (kji, Ljy, mjt, 2j¢), and ¢ is a constant.
Mirroring the proof of Theorem 3.1, we derive closed-form expressions for (dy ji, ds ;i)
and hence for the output elasticities. Fix (kji, [z, mji, 2j¢) and write

QZ( it Uit Mt 2t €) _ajt+bjt€+6627 e~ N(0,1).

Define
Rji(e) = exp(zﬁ( ts Uity M, 2j, € )) = exp(aj; + bjie + c€?), A=1-2c

where A > 0 (equivalently, ¢ < 1/2) is verified empirically. The following Gaussian moments

are available in closed form:

(28) E[eb€+062:| N 1/2 exp bQ
2A

(29) Efectre?] = LE[ere]

b
A

Let Rj; = E[R;:(¢)]. Using (28),

_ b2
Rj, = exp(aj) A™Y/? exp(2A) .

For i € {k,l,m}, the derivative of ¢ with respect to i is

@/h( dts it Mty Zjt, €) = Qe + bje i €,

22The second-order polynomial refit is a practical simplification that yields closed-form expressions for the
estimated output elasticities. A higher-order polynomial could be used at the cost of requiring numerical
integration. In practice, the refit approximates the data very well, with an R? close to one.
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where a;;; = 0aj;/0i and b;r; = 0b;;/0i are implied by the refit in (27). Therefore,

(30) E{R5u(e) 9u(e)] = R ( i ”bX) |

Define, as in the proof,

~ A

dl,jt = Ee[Rjt(e) @;m(e)}, Cth(E) = fok(ﬁ) + @Dl(ﬁ) + ?Zm(ﬁ), d27jt = Ee[Rjt(E) ClJt(E)]-

Thus d; j; and ds j; are computed in closed form from (30) (with ¢ = m and with i € {k,[,m}
summed, respectively).
Next let

CQ,jt = (¢_1>kﬁ + (¢_1)ljt + <¢—1)mj“

and recall that p; is the (deflated) materials price. The identified quantity fwﬁ = fu, /i is

obtained from (51) in the proof of Theorem 3.1 as

dl,jt - Ptht

Jore = (¢_1)mjt da,je — c2,5¢ (dje — ptht)'

For ¢ € {k,l,m}, we then recover fiﬁ = fi; /i

z I;i(é't) = P
fijt = —]A<1 + Cijtfwjt) - fwjz <¢ l)ijt'
c1,jt(€je)
Calibrating a common RTS «a gives f;;, = « fi].t and f,, = « fwjt. Markups follow from
De Loecker and Warzynski (2012): pjy = fm,,/Sj, where Sj = p.Mj, /R, is the materials

expenditure share.

Estimation of the Structural Production Function. Given the estimated output elas-
ticities ( fkjt, fljt, fmjt, fwjt), we specify the structural production function as a second-order
polynomial and estimate its coefficients by matching these estimates to their model-implied
counterparts, following the same minimum-distance procedure as in Section 2.3. In addition,
we enforce complementarity between productivity and inputs via one-sided penalty terms,
as described in Appendix Gi.?* The implementation is otherwise identical to Section 2.3 and

is omitted.

23In our application, this constraint binds only occasionally, and only for labor.
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4 Empirical Results
4.1 Empirical Setting and Calibration

We apply our framework to study the directions and magnitudes of technical change in
Chinese manufacturing over 1998-2007. Our empirical analysis is based on firm-level data
from China’s Annual Survey of Industrial Enterprises (ASIE), compiled by the National Bu-
reau of Statistics (NBS). The ASIE covers all state-owned enterprises and all non-state firms
above the administrative size threshold, defined as annual sales of at least 5 million RMB. It
reports detailed production and accounting information, including total sales, intermediate
input expenditures, capital stock measures, employment, and related firm characteristics.
Notably, as is typical for large-scale manufacturing datasets, the survey does not contain
physical output quantities or firm-level output prices. Details on the data and summary
statistics are provided in Appendix H.

During the sample period, Chinese manufacturing experienced extraordinary produc-
tivity growth, as widely documented in the literature (e.g., Brandt et al., 2012; Zhu, 2012;
Brandt et al., 2017). For example, Brandt et al. (2012) estimate that the weighted average
annual productivity growth of incumbent firms was 2.85% under a gross output production
function, one of the highest rates observed internationally. Consistent with these findings,
Figure 2 also points to substantial productivity growth in Chinese manufacturing over our
sample period under our nonseparable model.

Most existing empirical work on Chinese manufacturing imposes Hicks-neutral tech-

24 Under Hicks neutrality, productivity improvements scale all marginal products

nology.
proportionally, leaving relative marginal products unchanged at any fixed input bundle.
Hicks-neutral specifications therefore provide limited scope to assess whether productivity
growth has been systematically more favorable to capital, labor, or intermediates. Moreover,
under conventional homothetic production functions, Hicks-neutral productivity growth does
not affect optimal input ratios when relative input prices are held fixed. In the data, however,
the period of rapid productivity growth is accompanied by substantial capital and materials
deepening: both the capital-to-labor ratio and the materials-to-labor ratio rise markedly over
time (see Figure 1). Given the magnitude of productivity growth over this period, imposing

Hicks neutrality would shut down an important technology-side channel through which the

24Notable exceptions include Zhang (2019) and Rubens et al. (2024), which consider factor-augmenting
specifications in particular industries, namely steel and nonferrous metals. In contrast, we study the direction
of technical change more broadly across Chinese manufacturing.
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observed capital and materials deepening can be rationalized.

Figure 1: Trends in Capital and Materials Deepening

—e— mean log(K/L)
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3.75 4 \//./‘

3.50 A
1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Note: This figure plots time trends in the mean log capital-labor and materials—labor ratios.

In light of these considerations, our primary objective is to identify whether technical
change in Chinese manufacturing is biased toward particular factors of production. Our
framework is designed to answer precisely this technology-side question. At the same time,
because the paper is concerned with production-function estimation rather than a complete
model of capital and labor demand, it remains agnostic about the forces governing input
adjustment and the frictions operating in input markets. Accordingly, we do not interpret
our estimates as delivering a precise decomposition of input deepening. Instead, we view the
links between estimated technical bias and these broader outcomes as suggestive evidence
on an important technology-side channel.

Throughout, we calibrate returns to scale (RTS) to 1.1. This choice is motivated by two
considerations. First, revenue-based production-function estimation often yields modestly
increasing returns (e.g., Klette and Griliches, 1996; De Loecker, 2011). Second, for Chinese
manufacturing, existing evidence places RTS close to 1.1 (Hu et al., 2023). Importantly,
our conclusions on the directions and relative magnitudes of factor bias and the evolution of
marginal products are robust to plausible alternative RTS calibrations. In addition, while
the level of estimated markups depends on the chosen RTS calibration, the time trend and
dispersion of markups do not. Corresponding results on markups are reported in Appendix E.

Table 3 in the appendix reports the estimated mean output elasticities and implied
mean markups. Overall, the resulting magnitudes are plausible and broadly consistent with

existing evidence for Chinese manufacturing. Figure 7 further summarizes the distributions
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of the estimated second-order derivatives of the production function. The estimates conform
well to standard theoretical regularities: inputs are predominantly complementary, marginal
products are diminishing, and productivity is complementary to each input. These patterns
provide useful discipline for the analysis that follows, which asks whether the substantial
productivity growth documented above was neutral across inputs or systematically biased

toward particular factors of production.

4.2 Bias in Technical Change
We formally define the bias of technical change. Let I = (K, L, M) denote the vector of

inputs. Following Acemoglu (2002), we characterize factor bias in terms of how productivity

shifts relative marginal products across inputs.

Definition 4.1 (Factor-biased technological change). Technological change is biased toward

I relative to I, if

where Fr(I,w) = 0F(I,w)/01. Condition (31) states that an increase in the productivity

shifter w raises the marginal product of I; proportionally more than that of I5.

We focus on marginal products because they are the primitive objects governing firms’
input choices. Under cost minimization or profit maximization, first-order conditions equate
each input’s shadow value to its marginal contribution to output, so relative marginal prod-
ucts pin down relative factor demands. When factor markets are competitive, equilibrium
input prices equal marginal revenue products, and changes in F} translate directly into
changes in factor prices; under imperfect competition, the same holds up to a common
markup (see De Loecker and Warzynski, 2012). Identifying which marginal products re-
spond most to productivity improvements therefore provides a transparent summary of the
direction of technical change and its distributional implications.

To convey the central message, we begin with a pooled specification that combines all
manufacturing industries and estimate a single production function. We then examine het-
erogeneity by estimating separate production functions for each of the five largest three-digit
industries.”” The industry-specific results closely mirror those from the pooled specification,

suggesting that the patterns emphasized below are not driven by any particular sector but

25We exclude the transport equipment industry from the analysis, as its production and market structures
may not be well captured by our model.
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Figure 2: Median Total Factor Productivity (TFP) Growth
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Note: TFP growth is computed as output growth holding inputs fixed at their median levels, as
productivity increases from its 1998 median to its 2007 median. Output is normalized to one in 1998.

instead arise broadly across manufacturing.

Figure 2 documents productivity growth itself, reporting the implied change in output
as productivity rises from its 1998 median to its 2007 median, holding inputs fixed at their
median levels.” Consistent with the existing literature, we find substantial productivity
growth: under the pooled specification, TFP rises by nearly 20% over the decade, a magni-
tude that lies near the middle of the distribution across the five largest industries. Because we
model demand explicitly, this estimate corresponds to quantity-based productivity growth
(TFPQ), which is not confounded by demand-side variation, rather than the revenue-based
productivity measure (TFPR) more commonly reported in the literature. For this reason,
changes in this object are more appropriately interpreted as technical change.

The central empirical question, however, is not merely whether productivity rose, but
whether the resulting technical change was neutral across inputs. Guided by Definition 4.1,

Figure 3 traces the evolution of the ratios of marginal products,

OF (I, w) /01,
OF (I,w) /01’

as productivity increases from its 1998 median to its 2007 median, holding inputs fixed at

their median levels. Two patterns stand out. First, across all industries, MPK and MPM rise

26The patterns highlighted in the paper are robust to using other representative values of the inputs.
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more than MPL, indicating that technical change is least favorable to labor. Second, with
the exception of Textiles (171), MPK also rises more than MPM, suggesting that technical
change is predominantly capital-biased.

To quantify the magnitudes of these biases, Table 1 reports the ratios of marginal prod-
ucts evaluated at wsgg7 relative to wiges, holding inputs fixed at their median levels. The
differences are economically meaningful. In the pooled specification, productivity growth
raises MPK by 32% and MPM by 22%, but MPL by only 12%. The industry-specific esti-
mates reveal a similar pattern. Both the direction of factor bias and the relative magnitudes
are robust to alternative RT'S calibrations; Table 4 in the appendix confirms this by reporting
the corresponding marginal-product ratios for RTS values of 1.00, 1.05, 1.10, 1.15, and 1.20.

By contrast, under Hicks neutrality, all three marginal products would increase pro-
portionally, implying that the entries within each row of Table 1 would be identical. These
findings therefore provide direct evidence that productivity growth in Chinese manufacturing

was systematically biased away from labor and, in most sectors, tilted most strongly toward

capital.
Table 1: Bias in Technical Change: Productivity-Driven Growth in Marginal Products
MPK (w2007)/MPK (wig9s) MPL(w2007)/MPL(w1998) MPM (w2007)/MPM (w1998)
All 1.32 1.12 1.22
(0.00) (0.00) (0.00)
Textiles (171) 1.12 1.08 1.19
(0.02) (0.01) (0.01)
Fabrics (176) 1.16 1.08 1.10
(0.02) (0.01) (0.01)
Apparel (181) 1.14 1.04 1.07
(0.01) (0.00) (0.00)
Cement (311) 1.80 1.14 1.38
(0.08) (0.02) (0.01)
Bricks (313) 1.64 1.24 1.37
(0.06) (0.02) (0.02)

Note: The table reports ratios of marginal products evaluated at wapp7 and wiggs, i-e., MPI(wsgo7)/MPI(w199s)
for I € {K, L, M}, holding inputs fixed at their median levels. Bootstrap standard errors (200 replications) are

reported in parentheses.
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Figure 3: Bias in Technical Change: Marginal Rates of Technical Substitution (MRTS)

All Manufacturing Industries
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4.3 Growth Decomposition of Marginal Products

The analysis in the previous subsection is a counterfactual exercise: we hold inputs fixed
and trace how marginal products vary with productivity alone. The results indicate that
productivity growth is least favorable to labor. Yet an observer examining the realized data
over 1998-2007 would notice a seemingly contradictory pattern: the marginal product of
labor rises the most among the three inputs over this period.

This apparent tension has substantive economic content. Under competitive factor mar-
kets, marginal products determine factor prices, so the sources of marginal-product growth
speak directly to the determinants of wage growth relative to returns on capital and mate-
rials. The key question is whether MPL rose because productivity growth genuinely favored
labor, or because workers came to operate with substantially more capital and materials in a
technology featuring factor complementarities. The first channel would reflect a technology-
driven improvement in labor’s productive role; the second would indicate that the rise in
MPL is a byproduct of the very capital and materials deepening that accompanies labor’s
declining relative importance.

To disentangle these channels, we decompose realized marginal-product growth into
a productivity-growth component and an input-mix component using a Divisia/Térnqvist
approximation.

For each I € {K, L, M}, write MP;(I,w) = F;(I,w) = 0F(I,w)/dI. In continuous time,

the Divisia decomposition implies
dInMP; =g din K +npdIin L+ nry dIn M+ ny, dw,

where the local elasticities are defined by

OInMP(I,w) K  9*FIw)
dnK  MP,(Lw) 019K '

nix (I, w)

with analogous definitions for 97, n7ar, and 7y,. In practice, we use the discrete-time Divisia

(Toérnqvist/midpoint) approximation year by year:

AInMPy i ~ N je Aln Ky + frpje Aln Ly + Nrrge Aln My, + froje Awye + €14,
N - v —L 2 N

input mix and complementarity productivity growth residual
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where midpoint elasticities are computed by averaging endpoint values, for example

it = 3 e (L, wie) + 0 (L1, wje—1)]

and similarly for the remaining terms. The residual €7 j; captures higher-order discretization
terms and measurement noise. Operationally, the “Total growth” reported below is the sum
over years of the cross-sectional mean of AlnMPy ;;, and can therefore be interpreted as the
cumulative change in In MP; for the average plant over 1998-2007.

Table 2 reports the results. Three patterns emerge. First, among the three marginal
products, MPL exhibits the largest increase over the decade: cumulative growth in In MPL
averages 0.76 in the pooled specification, compared with 0.34 for MPK and 0.20 for MPM.
Second, the productivity-growth component is least favorable to labor: productivity growth
contributes only 0.12 to MPL growth, compared with 0.32 for MPK and 0.22 for MPM.
Third, MPL growth is driven predominantly by the input-mix component (0.64 of 0.76),
whereas MPK and MPM growth is driven mainly by productivity growth, with Textiles
(171) as the main exception for MPK. Put differently, the rise in MPL reflects primarily the
fact that workers operate with more capital and materials in a technology featuring factor
complementarities, while productivity growth itself accounts for only a modest share of the
increase. The residual is negligible throughout, indicating that the midpoint approximation
tracks the underlying decomposition closely. The industry-specific results reveal the same
broad pattern, which is also robust to alternative RTS calibrations (see Table 5 in the

appendix).

4.4 Biased Technical Change and Factor Deepening

A striking feature of Chinese manufacturing over 1998-2007 is the pronounced deepening
of capital and materials relative to labor. As documented in Figure 1, both the capital—
labor ratio and the materials-labor ratio rise markedly over this period. This deepening is
also closely linked to the well-documented decline in the labor share over the same period
(Berkowitz et al., 2015; Bai and Qian, 2010). Under a conventional homothetic production
function with Hicks-neutral productivity, such deepening would be attributed entirely to
changes in relative input prices. However, when productivity growth is biased, it shifts the
relative marginal products of different inputs and can thereby contribute to factor deepening
even holding input prices fixed. Our estimates point to a clear technology-side channel.

The mechanism is straightforward. Because productivity growth disproportionately

raises the marginal products of capital and intermediates (Table 1), it increases the relative
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Table 2: Growth Decomposition of Marginal Products, 1998-2007

Total growth Factor complementarity Productivity growth Residual

Panel A: MPK

All 0.34 0.05 0.32 -0.02
Textiles (171) 0.48 0.32 0.16 -0.01
Fabrics (176) 0.00 -0.18 0.19 -0.01
Apparel (181) -0.03 -0.19 0.18 -0.02
Cement (311) 0.78 0.20 0.60 -0.02
Bricks (313) 0.64 0.13 0.51 -0.00
Panel B: MPL

All 0.76 0.64 0.12 0.00
Textiles (171) 0.94 0.82 0.12 0.00
Fabrics (176) 0.54 0.43 0.10 0.00
Apparel (181) 0.35 0.30 0.05 0.01
Cement (311) 0.91 0.79 0.12 0.00
Bricks (313) 0.89 0.73 0.15 0.01
Panel C: MPM

All 0.20 -0.02 0.22 -0.00
Textiles (171) 0.21 -0.07 0.28 -0.00
Fabrics (176) 0.15 0.01 0.13 0.00
Apparel (181) 0.11 0.02 0.08 -0.00
Cement (311) 0.22 -0.10 0.32 0.00
Bricks (313) 0.30 -0.04 0.33 -0.00

Note: For each industry and each input I € {K, L, M}, the table reports the cumulative average an-

nual growth in log MP; over 1998-2007, and decomposes it—using the Divisia/T6rnqvist procedure de-

scribed above—into (i) a factor-complementarity component, (ii) a productivity-growth component, and
(iii) a residual. When computing the averages, we exclude observations whose corresponding marginal

products fall outside the 1st-99th percentile range.

profitability of reallocating toward those inputs. For cost-minimizing firms facing given input

prices, and given the concavity of the estimated production function documented in Figure 7,

this implies an outward shift in the relative demand for capital and materials vis-a-vis labor.

In particular, the biased technical change documented above helps rationalize an appar-

ent tension in the data: the marginal product of labor rises the most among the three inputs

over 1998-2007, yet labor’s relative usage in the production process declines. The Divisia

decomposition in Table 2 resolves this tension. Because productivity growth is least favor-

able to labor, it disproportionately raises the marginal products of capital and intermediates,

encouraging capital and materials deepening. This deepening, in turn, raises MPL through

factor complementarity—but it does so as a byproduct of the substitution away from labor,
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not as a reflection of productivity growth favoring labor. Indeed, the direct contribution
of productivity growth to MPL growth is only 0.12, the smallest among the three inputs,
whereas it accounts for nearly all of the growth in MPK (0.32 of 0.34) and MPM (0.22 of
0.20). The pronounced rise in MPL is therefore not evidence against the decline in labor’s
role in production; rather, it is a consequence of precisely the same factor deepening that
underlies that decline.

The cross-industry evidence in Figure 4 reinforces this interpretation. Industries ex-
periencing stronger labor-saving productivity growth—as measured by the relative bias of
technical change toward capital or intermediates vis-a-vis labor—also exhibit more pro-
nounced capital and materials deepening. The association is particularly clear for materials:
the Spearman rank correlation between relative M-bias and the change in the M/L ratio is
0.89 (right panel). The corresponding K-bias correlation is considerably weaker (left panel,
Spearman p = 0.26), consistent with capital adjustment being subject to greater frictions
than materials adjustment. These cross-industry correlations are descriptive and based on
only six industry observations, so they should be interpreted as suggestive evidence rather
than a formal test.

Of course, biased technical change is not the only force behind factor deepening. Avail-
able aggregate evidence suggests real manufacturing wages in China grew at around 10%
per year over this period (Zhang and Liu, 2013; Banister and Cook, 2011), while the prices
of capital and intermediate inputs exhibited no comparably strong secular trend (Kim and
Kuijs, 2007). Rising relative labor costs would encourage capital and materials deepening
regardless of the direction of technical change. Our framework does not separately identify
the contributions of biased technical change and relative input price movements to the ob-
served deepening, and we do not claim to do so. What our estimates do establish is that
the technology side of the story is quantitatively important: productivity growth that differ-
entially favors capital and intermediates constitutes a distinct and economically meaningful
force consistent with the substitution away from labor observed in the data.

Finally, the documented factor deepening has a natural connection to the well-documented
decline in the labor share in Chinese manufacturing over this period (Berkowitz et al., 2015;
Bai and Qian, 2010),%" which is itself part of a broader global trend (Karabarbounis and
Neiman, 2014; Autor et al., 2020). Capital and materials deepening tends to put downward

pressure on the labor share, other things equal. Our findings therefore suggest that biased

2TFor instance, Berkowitz et al. (2015) document a large decline in labor shares: the mean firm-level labor
share falls from 53.3% in 1998 to 35.8% in 2007, while the aggregate labor share falls from 26.4% to 18.4%.
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Figure 4: Relative Bias of Technical Change vs. Input Intensity Change, 1998-2007
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Values greater than one indicate stronger growth in the marginal product of capital (or intermediates)
relative to labor. Correlations are descriptive and based on six industry observations.

technical change contributed to the decline in the labor share at least in part through its
association with the factor-deepening patterns documented here. This complements work
highlighting biased technical change as a force behind declining labor shares (Oberfield and
Raval, 2021; Doraszelski and Jaumandreu, 2018; Zhang, 2019), while providing new evidence
from a flexible, nonseparable framework that does not impose an a priori factor-augmenting

structure.

5 Conclusion

This paper develops an identification and estimation framework for gross-output pro-
duction functions in which productivity enters nonseparably, thereby relaxing the Hicks-
neutrality restriction that underlies much of the production-function literature. The frame-
work allows productivity to affect the marginal products of different inputs asymmetrically
and thus provides a way to measure the directions and relative magnitudes of technological
bias.

Under perfect competition, we show that conventional proxy-variable assumptions are
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sufficient to identify output elasticities at each observation, even when productivity inter-
acts flexibly with inputs. This reduced-form identification delivers economically meaningful
objects in its own right and provides a basis for testing additional restrictions. Under homo-
geneity, we further obtain point identification of the structural production function. Under
imperfect competition with revenue data, we clarify the limits of nonparametric identifica-
tion and show that a calibrated-returns-to-scale strategy yields a transparent practical route
to point identification. Importantly, the directions and relative magnitudes of technological
bias are invariant to the particular returns-to-scale calibration.

We apply the framework to Chinese manufacturing over 1998-2007 and find that the
extraordinary productivity growth of this period was predominantly capital-biased and least
favorable to labor. Although the marginal product of labor rose substantially in the realized
data, this increase was driven mainly by capital and materials deepening through factor
complementarities rather than by productivity growth itself. These findings help rationalize
the pronounced shift in input mix observed over this period and illustrate the importance of
moving beyond Hicks-neutral specifications when studying the nature and consequences of
technical change.

Taken together, the results suggest that allowing for non-Hicksian productivity is not
only conceptually appealing but also empirically important for credible measurement of

production technologies and the bias of technical change.
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Online Appendices

A Imperfect Competition with Output Prices Observed
In the main text, we work with firm-level financial records in which output prices are
typically unobserved. This section revisits identification when firm-level output prices are

available.”® We restrict attention to single-product firms.*’

28Qutput-price information is available in several widely used datasets; see, e.g., De Loecker et al. (2016);
Doraszelski and Jaumandreu (2018).
29For treatments of multi-product firms, see De Loecker et al. (2016); Orr (2022); Valmari (2023).
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A.1 Identification without Calibrating Returns to Scale

We maintain the primitives and monopolistic-competition structure of the main text.
The key difference is that firm-level output quantities g¢;; are now observed, since revenues
rj¢ can be deflated by firm-specific output prices p;;. This allows us to disentangle markups
from returns to scale (RTS) directly, without fixing RTS ez ante.

The first step is to identify the revenue function
rie = d (G5, 2 €5¢) + Qe = (e, Zes €5¢)

where €;; is independent of (g;:, z;:). Under this assumption, y;(-) is identified, and so is the
revenue elasticity with respect to quantity, v,,,. Rearranging equation (52) in the proof of
Theorem 3.1 then identifies RTS:

o — 1 cyjilen)
= =,
Yaie 1+ Cz,jtfwjt

where (c1j1(€jt), Cajts fwj ,) are identified objects, as defined in the proof of Theorem 3.1. With
aj; identified, the output elasticities {fy, fi, fm, fu} follow from the proof of Theorem 3.1,

and the production function f; is identified up to an additive constant.

A.2 Accommodating Unobserved Input-Price Heterogeneity

Our framework already accommodates potentially unobserved heterogeneity in capital
and labor prices. In the main text, because neither output nor input prices are observed, we
proxy intermediate inputs using material expenditures—implicitly abstracting from material-
price heterogeneity. When output prices are available, we can instead follow De Loecker et al.
(2016) and use them to control for the unobserved price component of materials.

The only modification relative to the baseline concerns identification of ¢;; all subsequent

steps are unchanged.

Setup. Following De Loecker et al. (2016), model the (unobserved) firm-level material
price as pj: = pi(pji, zjt), with p; strictly increasing in p;;.*" The intermediate-input demand

function becomes mj, = ¢u(kji, L, pjes Zjt, Wit)-

30See De Loecker et al. (2016) for a formal derivation.
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Strategy. First, identify p,(-) to recover p;. Second, construct material quantities as

mje = mj/pjr.”" Third, use the constructed (mji, pji) to identify ¢ (kje, Lit, pjts Zjt, Wit )-

Identification of function p;. Suppose p;; follows a first-order Markov process.” If
(pjt, zjt) is independent of the innovation in p;;, then p(-) is identified by an argument
analogous to that used for ¢;(-) in the main text. If instead p; may be correlated with
the innovation in pj;, identification can be recovered using the IV strategy for nonsepara-
ble models developed by Chernozhukov and Hansen (2005), analogous to the approach in

Appendix B.

Completing identification. With pj;; and m;; in hand, ¢, is identified by the same logic
as in the main text, provided (kj¢, Li, pjt, 2j+) are independent of the innovation in w;,. The

remainder of the identification argument proceeds unchanged.

B Flexible Labor

In the main text, we treat labor as predetermined. This section shows how to accommo-
date flexible labor—chosen within the period and potentially correlated with the productivity
innovation &j;.

The timing assumption on labor is needed only to identify the materials demand function
oe(kje, Uity 2, wjt). Once ¢y is identified, all subsequent identification arguments—under both
perfect and imperfect competition—go through unchanged. It therefore suffices to show how

¢¢ can be identified when labor is flexible.

Setup. Substltutlng wjt = ht(thfl,Ojtfl,fjt) and w]'t,1 = (b;_ll(kjt,l,ﬁjt,l,zjt,l,mjt,l)

into ¢, yields the reduced form

(32) mje = Ol kjr, e, 2t ijt—h Cit—1, Zj—1, Mjt—1, 0jt—1, &)

~~

=Vjit—1

With labor flexible, ¢;; may be correlated with j;; all other arguments in (32) are prede-
termined. Our strategy identifies ¢, via instrumental variables and then recovers ¢; from ¢,

using the support condition (Assumption 2.5 or 3.5), exactly as in the main text.

31 An industry-level materials price index can be used to normalize the scale of p;;.

32This assumption is most plausible when materials markets are competitive. Modeling prices as Markov is
standard in empirical 10; see, e.g., Hendel and Nevo (2006); Aguirregabiria and Nevo (2013). The first-order
restriction generalizes readily to higher-order dynamics.
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Identification. Because ¢, is strictly monotone in &1, we normalize & ~ U(0,1) and
apply the IV framework for nonseparable models developed by Chernozhukov and Hansen
(2005); see also Appendix C of Ackerberg et al. (2022).

Suppose an instrument w;, for ¢ is available such that (kj, zjs, Vji—1,wj) is jointly

independent of &;;. Then, for each 7 € (0,1),
(33) Pl"(mjt < (/Bt(kjt’gjt, th7‘~fjt—1, T) | k’ju zjtyvjt—la wjt) =T.

Identification of ¢, from (33) requires a completeness condition: variation in w;; must gen-
erate sufficiently rich shifts in the conditional distribution of ¢;; given (kj;, 2, \ijt,l).33

Lemma B.1. Under all maintained assumptions of the baseline model—except that {j is
now flexible—together with (i) the existence of an instrument wj, satisfying independence
from &;; and (ii) the completeness condition above, the reduced-form function ¢; is identified.

Consequently, ¢, is identified by the same argument as in the main text.

Proof. Under independence and completeness, the quantile restriction (33) identifies the
structural quantile function ¢, (k;q, £j¢, zjt, Vji_1, 7) for each 7 € (0,1) by Theorem 1 of Cher-
nozhukov and Hansen (2005). Given ¢, the support condition recovers ¢; by the same

ranking argument as in Lemma 2.3 (under PC) or Lemma 3.1 (under IPC). O

Estimation. We estimate ¢, using the instrumental-variables quantile regression (IVQR)
approach of Chernozhukov and Hansen (2006) on a fine grid of 7 € (0,1). We then recover
the latent rank

éjt = inf {T c (O, 1) : mjt S (Et(kjtygjtu th,{ljtfl,T)},

applying the monotone rearrangement of Chernozhukov et al. (2009) to enforce monotonicity

across quantiles. With éjt in hand, the structural primitives (¢, h) are estimated from

(34) mgs = ¢<k]ta gjb Zijt h(¢_1(kjt—1a gjt—h Zjt—1, mjt—1)7 0jt—1, é]t)) )

which is free of endogeneity under the maintained assumptions. We approximate ¢ and h

using sieve bases and estimate by nonlinear least squares.

33Formally, this is the completeness condition L1* or L2* of Chernozhukov and Hansen (2005). Intuitively,
it is the nonparametric analogue of a standard rank condition for instrument relevance.

45



Instruments. Candidate instruments include: (i) wages, which shift labor demand holding
other determinants fixed—if labor-market imperfections raise concerns about correlation
with &, lagged wages can be used instead; and (ii) lagged output y;;—; (or lagged revenue),
which is predetermined and relevant for current labor when employment adjusts to past

shocks. Instrument relevance is assessed using standard first-stage diagnostics.

C Sufficient Conditions for Strict Monotonicity under

Imperfect Competition

The strict monotonicity requirement that mj; = ¢(kji, {je, 21, wjt) is strictly increasing
in productivity w;; can be imposed directly as a high-level condition. Under perfect competi-
tion, this requirement reduces to standard concavity and complementarity conditions on the
production function and is well understood in the literature (see, e.g., Levinsohn and Petrin,
2003). Under imperfect competition, however, monotonicity is less automatic. Biondi (2022)
shows that, when productivity is Hicks-neutral and markups are variable, factor demand can
decouple from productivity—that is, monotonicity can fail—whenever demand is sufficiently
inelastic relative to its curvature. Since our framework features nonseparable productivity,
a richer set of forces governs monotonicity: both demand curvature and the interaction be-
tween productivity and the marginal product of the flexible input enter the condition. This
section provides primitive sufficient conditions that decompose monotonicity into these two
channels and verifies, as a post-estimation consistency check, that the sufficient conditions

are satisfied by the estimated model.

Suppress time and firm subscripts and hold predetermined inputs and demand shifters
fixed for exposition. Let output be Q@ = F(M,e*), where M is the flexible input. Let the
revenue function be I'(Q, Z), so that I'g(Q, Z) is marginal revenue (MR). Ignoring the ex

post shock € for the moment, the first-order condition for an interior optimum in M is
(35) Lo(F(M, %), Z) Fy(M,e”) = p,
where p is the input price. Define

G(M,w) =To(F(M,e*), Z) Fy(M, e”) = p,

so that the optimal choice M*(w) solves G(M,w) = 0.
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By the implicit function theorem,

oOM* G

8&) N GM

A direct differentiation yields
Gu = TooFi+ToFum,  Gu = TooFuFu + ToFu,

where ['gq is evaluated at (@), Z) and the derivatives of F' are evaluated at (M, e*). Note
that Gj; equals the second derivative of the firm’s marginal-revenue-product schedule with

respect to M, denoted I'p;p.

A sufficient condition. It is natural to require the second-order condition

which reflects diminishing marginal productivity of M and downward-sloping demand. Given
(36), the sign of OM*/0w is the same as the sign of G,. Hence a sufficient condition for

strict monotonicity is G, > 0, i.e.,

r
(37) Fap > — =22 F, Fy,.
Iq
Under perfect competition, ['gg = 0 and (37) reduces to Fjy, > 0, the standard complemen-

tarity condition between productivity and the flexible input.

Hicks-neutral benchmark. Suppose productivity is Hicks-neutral, Q = e*F (M). Then
F, = Q and Fyp, = Fiy, so (37) becomes

dlnFQ

im0 > b

r
(38) 1> -0 —
1¥a)

This is precisely the condition identified by Biondi (2022) (Proposition 1) for monotonicity
under Hicks-neutral productivity: in his notation, monotonicity holds if and only if the
elasticity of marginal revenue with respect to output exceeds —1, or equivalently ¢ > 3 —
p, where ¢ is the price elasticity and p the curvature of demand. Condition (38) thus
requires that MR may fall with Q under imperfect competition, but not faster than Q!

in log terms. Under isoelastic (CES) demand, (38) is automatically satisfied whenever the
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price elasticity exceeds one, consistent with the finding of Biondi (2022) that CES demand
precludes decoupling. A key insight of Biondi (2022) is that this robustness does not extend
to richer demand systems: for specifications satisfying Marshall’s Second Law (e.g., linear,
CARA, logistic, or Kimball demand), condition (38) can be violated even in the elastic region
of the demand curve, so that demand curvature alone can overturn monotonicity. With
nonseparable productivity, condition (38) generalizes to (39) below, and the production side
of the inequality introduces an additional force that interacts with demand curvature to

determine whether monotonicity holds.

Nonseparable production: an elasticity form. For general F'(M,e“), it is convenient

to rewrite (37) in terms of elasticities. Define

oln@Q PInQ

_ 8IDFQ __QFQQ
Ow ' MY = S M oW’ '

'=omo - T

fo=

Using the identity ky = (M/Q)Fyw — fofm and F, = Qf,, one can verify that (37) is

equivalent to

RMw
(39) i 0—1.

Condition (39) decomposes monotonicity into a production-side channel (left) and a
demand-side channel (right). A rise in productivity has two effects: it raises the marginal
product of M, creating an incentive to expand intermediate use, but it also raises output,
which under imperfect competition depresses marginal revenue and dampens that incentive.
The left-hand side ks, /(fo fm) measures the strength of the first effect; the right-hand
side § — 1 measures the strength of the second. Monotonicity holds when complementarity
dominates dampening.

When productivity is Hicks-neutral, sy, = 0 and condition (39) reduces to 6 < 1, so
monotonicity depends entirely on demand curvature—the case analyzed by Biondi (2022).
With nonseparable productivity, sas. /( f.fm) enters the condition alongside #, enriching the
set of primitive forces at play. If the production side is sufficiently positive, monotonicity
can be sustained even for demand systems where Biondi (2022) finds decoupling (i.e., § > 1).
Conversely, a negative production side places a tighter requirement on demand curvature.
Under CES demand, § = 1/0 where ¢ > 1 is the price elasticity, so § — 1 < 0 and the

condition is satisfied provided the production side is not too negative.

Allowing for an ex post demand shock. Now introduce an ex post shock € and let the
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firm maximize expected profits given w. The first-order condition becomes
(40) Io"(Q, Z) Fy(M,e?) = p, IoP(Q,2) =ETq(Q, Z,€)].

Analogously, sufficient conditions for strict monotonicity are:

8F€$p
ex erp __ Tex ex erp __ Q
(41) roh, <0, Loy = Lo6Fy + 0" Fau, Iob = B0
and
KMw
(42) — > 0P -1,
Jofm
where
Oln Fepr
PP = — —— <
J0lnQ

These conditions are directly checkable once the revenue function and the production function

have been estimated.

Post-estimation consistency check. Since the estimation procedure in the main text
enforces monotonicity of ¢ in w directly, the sufficient conditions derived above cannot be
tested independently of the maintained assumption. Nevertheless, it is informative to check
whether the estimated production function and revenue function satisfy these more primi-
tive conditions. If they did not—for example, if the estimated demand curvature were large
enough to violate (42) despite monotonicity being imposed—it would indicate that the con-
straint is doing substantial work and that the plausibility of the monotonicity assumption
rests on features of the model not captured by these primitive conditions.

Since f,, fm > 0, condition (42) is equivalently written as

SN = K — (96“’ - 1)fwfm > 0.

Figures 5 and 6 plot the empirical distributions of estimated '}/, and sign by industry.
Across all three-digit industries, the estimated second-order condition I'{/}, < 0 holds for
virtually all observations, confirming that firms operate at interior optima. More impor-
tantly, the estimated sign is strictly positive for the vast majority of observations in every
industry. While this does not constitute an independent test of monotonicity, it provides re-

assurance that the maintained assumption is consistent with economically plausible primitive
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conditions in the estimated model.

exp

Figure 5: Industry Distributions of I'} /5,
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Note: The figure summarizes, for each three-digit industry, the distribution of the estimated I'{/,,, as

defined above. The distributions are shown using boxplots (center line: median; box: interquartile range;

whiskers: 1.5 x IQR). For readability, the underlying values are winsorized at the pooled 1st—99th

percentiles.
Figure 6: Industry Distributions of sign(0my/0w;)
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Note: The figure summarizes, for each three-digit industry, the distribution of the estimated

Sign = Kprw — (9”” — 1) fwfm, as defined above. The distributions are shown using boxplots (center line:
median; box: interquartile range; whiskers: 1.5 x IQR). For readability, the underlying values are

winsorized at the pooled 1st—99th percentiles.
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D Additional Tables and Figures

Table 3: Mean Output Elasticities and Markups in Chinese Manufacturing

Capital Labor Materials Markups
All 0.10 0.14 0.86 1.17
(0.00) (0.00) (0.00) (0.00)
Textiles (171) 0.07 0.13 0.89 1.18
(0.00) (0.00) (0.00) (0.00)
Fabrics (176) 0.06 0.15 0.88 1.18
(0.00) (0.00) (0.00) (0.00)
Apparel (181) 0.08 0.18 0.85 1.17
(0.00) (0.00) (0.00) (0.00)
Cement (311) 0.12 0.14 0.85 1.16
(0.01) (0.01) (0.01) (0.01)
Bricks (313) 0.12 0.13 0.84 1.21
(0.00) (0.00) (0.01) (0.01)

Note: The table reports sample means of the estimated output elasticities with respect to capital, labor, and
materials, together with the implied markups. Estimates are obtained using the procedure in Section 3.3,
with returns to scale calibrated to 1.1. Markups are computed following De Loecker and Warzynski (2012).

Bootstrap standard errors based on 200 replications are reported in parentheses.
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Figure 7: Distribution of Second-Order Derivatives
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Note: This figure summarizes, by industry, the distributions of the estimated second-order derivatives

implied by the same production-function estimates reported in Table 3. The distributions are shown using

boxplots (center line: median; box: interquartile range; whiskers: 1.5 x IQR). For readability, the

underlying values are winsorized at the pooled 1st—99th percentiles.
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Table 4: Bias in Technical Change: Robustness to RTS Calibration

Industry RTS MPK(w2007)/MPK(w1g998) MPL(w2007)/MPL(w1998) MPM(w2007)/MPM (w1998)
All 1.00 1.30 1.11 1.19
1.05 1.31 1.12 1.20
1.10 1.32 1.12 1.22
1.15 1.33 1.13 1.23
1.20 1.34 1.14 1.24
Textiles (171) 1.00 1.10 1.07 1.17
1.05 1.11 1.08 1.18
1.10 1.12 1.08 1.19
1.15 1.12 1.09 1.20
1.20 1.13 1.10 1.21
Fabrics (176) 1.00 1.15 1.07 1.09
1.05 1.15 1.08 1.10
1.10 1.16 1.08 1.10
1.15 1.16 1.09 1.11
1.20 1.17 1.09 1.11
Apparel (181) 1.00 1.13 1.04 1.06
1.05 1.14 1.04 1.06
1.10 1.14 1.04 1.07
1.15 1.14 1.04 1.07
1.20 1.14 1.04 1.07
Cement (311)  1.00 1.75 1.12 1.34
1.05 1.77 1.13 1.36
1.10 1.80 1.14 1.38
1.15 1.83 1.15 1.40
1.20 1.86 1.17 1.43
Bricks (313)  1.00 1.60 1.20 1.33
1.05 1.62 1.22 1.35
1.10 1.64 1.24 1.37
1.15 1.67 1.25 1.39
1.20 1.69 1.27 1.41

Note:

The table reports ratios of marginal products evaluated at wgogr and wiggs, i.e.,
MPI(w2007)/MPI(w1ggs) for I € {K, L, M}, holding inputs fixed at their median levels. RTS de-

notes the calibrated value of returns to scale. The benchmark specification in Table 1 corresponds

to RTS = 1.10. Standard errors are comparable to those reported in Table 1 and are therefore

omitted.
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Table 5: Growth Decomposition of Marginal Products: Robustness to RT'S Calibration

Entries shown as RTS = 1.05 / 1.10 / 1.15

Industry Total Comp. Prod. Res.

Panel A: MPK

All 0.29/0.34,/0.39 0.01/0.05/0.09 0.31/0.32/0.33 -0.02/-0.02/-0.03
Textiles (171)  0.42/0.48/0.53 0.28/0.33/0.37  0.15/0.16/0.17 -0.01/-0.01/-0.01
Fabrics (176) -0.04/0.00/0.04 -0.21/-0.18/-0.15 0.19/0.19/0.20 -0.01/-0.01/-0.01
Apparel (181) -0.06/-0.03/0.00 -0.22/-0.19/-0.17 0.18/0.18/0.19 -0.02/-0.02/-0.02
Cement (311) 0.74/0.78/0.82 0.18/0.20/0.23  0.58/0.60/0.61 -0.02/-0.02/-0.02
Bricks (313) 0.58/0.64/0.69 0.09/0.13/0.16  0.49/0.51/0.53  0.00/0.00/0.00

Panel B: MPL

All 0.71/0.76/0.81 0.60/0.64/0.68 0.11/0.12/0.13  0.00/0.00/0.00
Textiles (171)  0.90/0.94/1.00 0.79/0.82/0.87 0.11/0.12/0.13  0.00/0.00/0.00
Fabrics (176) 0.49/0.54/0.57 0.40/0.43/0.47  0.09/0.10/0.11  0.00/0.00/0.00
Apparel (181) 0.32/0.35/0.39 0.27/0.30/0.33  0.04/0.05/0.05 0.01/0.01/0.01
Cement (311) 0.87/0.91/0.95 0.76/0.79/0.82  0.11/0.12/0.13  0.00/0.00/0.00
Bricks (313) 0.87/0.92/0.98 0.68/0.72/0.76  0.18/0.20/0.21  0.00/0.00/0.00

Panel C: MPM

All 0.15/0.20/0.25 -0.06/-0.02/0.02 0.21/0.22/0.23  0.00/0.00/0.00
Textiles (171) 0.15/0.21/0.26 -0.12/-0.07/-0.03 0.27/0.28/0.29  0.00/0.00/0.00
Fabrics (176) 0.10/0.15/0.19  -0.02/0.01/0.05 0.12/0.13/0.14  0.00/0.00/0.00
Apparel (181) 0.08/0.11/0.14  -0.01/0.02/0.05 0.08/0.09/0.09  0.00/0.00/0.00
Cement (311) 0.18/0.22/0.26 -0.12/-0.10/-0.08 0.30/0.32/0.33  0.00/0.00/0.00
Bricks (313) 0.24/0.29/0.35 -0.08/-0.04/0.00 0.31/0.33/0.34  0.00/0.00/0.00

Note: Each cell reports the decomposition estimates for RTS = 1.05 / 1.10
/ 1.15, in that order. The middle entry therefore corresponds to the bench-
mark specification reported in Table 2. Comp. abbreviates factor comple-

mentarity, Prod. productivity growth, and Res. the residual.

E Markups

Under our model and the available data, markup levels are identified only up to the

assumed returns to scale (RTS). If, in addition, we impose the homogeneity restriction,
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firm-level markups are pinned down up to a common multiplicative constant that depends
on RTS. As a result, both markup dispersion and the time trend in markups are identified
without committing to a particular RTS value.

We use the estimators developed in the main text to address two descriptive questions
regarding markups in Chinese manufacturing. First, how did markup dispersion evolve
over 1998-20077 Because dispersion in markups is often interpreted as reflecting dispersion
in distortions and hence potential allocative inefficiency (see, e.g., Lu and Yu, 2015), this
exercise is informative about whether resource allocation improved over the decade. Second,
how did revenue-weighted markups—an aggregate measure of market power—evolve over
the same period?

Figure 8 plots the time series of markup dispersion, measured by the Theil index. For
comparison, we also report the corresponding series implied by a Hicks-neutral specifica-
tion estimated within the same framework. Both specifications indicate a broad decline in
markup dispersion over the decade, consistent with an improvement in allocative efficiency.
Quantitatively, however, the Hicks-neutral specification generally yields higher Theil indices
than our nonseparable model.

Figure 9 reports the evolution of revenue-weighted markups. The Hicks-neutral spec-
ification implies a clear upward trend: in the pooled sample, revenue-weighted markups
rise from slightly above 1.15 to slightly above 1.25, corresponding to an increase of roughly
10 percent. By contrast, our nonseparable model delivers a much more muted pattern;
in the pooled specification, revenue-weighted markups remain nearly flat over the decade.
The industry-specific panels reveal somewhat more variation—for instance, markups decline
modestly in Cement (311) under the nonseparable model—but the overall contrast between
the two specifications is consistent across industries. This pattern suggests that imposing
Hicks neutrality may overstate the upward trend in markups, consistent with the mechanism
emphasized by Demirer (2020).

F  Additional Proofs
F.1 Proof of Theorem 2.2

Proof. We construct two distinct structural production functions that generate the same
. . . a _ _ _ 9f, :
identified objects ¢y, f;, and g; (where g,(k,l,m) = ﬁ‘w:¢;1(k7l7m)), and that both satisfy
Assumptions 2.1-2.4.

For transparency, we present the construction for a single pair (k,[); the argument

extends immediately to all (k,l). Fix (k,l) and suppress them from the notation. Sup-
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Figure 8: Trends in Markup Dispersion
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Figure 9: Trends in Revenue-Weighted Markups

Nonseparable

—e— Hicks-neutral A

All Manufacturing Industries

1.25 4
o
g 1.20 A
©
S 1.15 4
1.10 1 T 'I' T |l | T T T T T
1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Textiles (171)
Q 1.20 A
=}
<<
S 1.18 1
1-16 T T T T T T T T T T
1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
1.25 4 Fabrics (176)
o
=)
X 1.20 A
©
=
1.15 4
1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
1.3 {1 Apparel (181)
o
-}
<
o 1.2 1
=
1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Cement (311)
o
=}
¥ 1.15 -
©
=
1.10 T T T T T T T T T T
1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Bricks (313)
o 1.25 4
=)
=
< 1.20 1
2001 2002 2003 2004 2005 2006 2007

using the De Loecker and Warzynski (2012) approach.

1998 1999 2000

: This figure plots time trends in revenue-weighted markups, where weights are firm-level revenue

Note:
shares within each industry-year cell. Markups are computed from the estimated production functions

57



pose w = 2m is the identified inverse input demand, and consider the family of structural
production functions

f(m,w) = bym?* + by mw + bz w?,

with materials elasticity f,,(m,w) = 2bym + byw and productivity elasticity f,(m,w) =
by m+2bsz w. Substituting w = 2m yields the reduced-form production function and reduced-

form materials derivative:

f(m) = (bl —+ 2b2 —+ 4b3) mz, g(m) = 2([?1 —+ bg) m.

These two identified objects impose only two restrictions on the three structural parameters
(bla b27 b3>:
bi + 20y + 4b3 = C, bi + by = C%,

leaving a one-parameter family of structural functions that are observationally equivalent on
the equilibrium manifold {w = 2m}. Any two members of this family agree on f, g, and
the associated ¢, yet differ in their structural elasticities — and hence in the factor bias of
technological change — at input bundles off the manifold.

The source of nonidentification is a dimension mismatch: the structural function f;(k, [, m,w)
has four arguments, but data constrain it only on the three-dimensional equilibrium manifold

{m = ¢y(k,l,w)}, leaving its behavior in the transverse direction undetermined. O

F.2 Proof of Lemma 2.3

Proof. By Lemma 1 of Ackerberg et al. (2022),%* it suffices to show that, for any two points
(24, mA) and (2B, mP) in ¥, the associated productivity indices can be ranked; that is,

o (@t m?) s o7 (2", mP).

The proof of Lemma 2.2 has already established identification of the reduced-form func-
tion ¢y (z,v,£). We use this to construct a chain of iso-productivity transfers under Assump-

tion 2.5.

Step 0: A consequence of Assumption 2.5(i). Under Assumption 2.5(i) and the normaliza-
tion wj; ~ U(0, 1), the support of wj is (0, 1) regardless of w;;—1. Since mj = ¢y(xj, wj;) and

¢ is continuous and strictly increasing in wj;, the conditional support ytmh:,v = {¢(x,w) :

34Their outcome variable y corresponds to our m.
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w € (0,1)} depends on z but not on v. That is,

(43) gl — i for all v € FP

Step 1: Choose v and vP. Since (24, m?) € #*™, there exists v such that (z, m?4,v4) €
SFm - Similarly, choose v? with (28, m?,vP) € Frmv.

Step 2: Construct a chain from v to vB®. By Assumption 2.5(ii), ¥ is path-connected,

so there exists a continuous path v : [0,1] — %2 with 4(0) = v* and v(1) = v®. By
Assumption 2.5(iv), for each s € [0, 1] there exists £(y(s)) > 0 such that

ﬂ ytx |v

vedy
lv—y(s)lI<e(v(s))
has nonempty interior. The open balls { B(y(s),e(7(s))) }sejo,1) cover the compact set ([0, 1]).
Extract a finite subcover indexed by 0 = sy < s1 < -+ < sg = 1, with consecutive balls
overlapping. Write vy, = v(s), so vo = v and vg = v5.

For each k, Assumption 2.5(iv) yields a point Zj in the interior of mH'U_Uk”<5('Uk)7UEth Sﬂtxlv.
Because consecutive balls overlap, for each k = 0,..., K — 1 there exists o € B(vy,e(vg)) N
B(vgy1,(vks1)) NS, and by construction both & and Zjy lie in 9{”'“. Together with
e SptxlvA and 2P € Sptx‘vB, this gives the chain

A ”U():”UA A~ V0. A~ 01 VK—1_ A
2 S G S G S G sy B,

where  «= 2’ means both (z,v) and (z/,v) lie in #.

Step 3: Iso-productivity transfer along the chain. At each link, the transfer mechanism is
the following. Given (x;,m;) at a control value v with (z;,v), (z;j+1,v) € F*", compute
¢ = ¢; (zj,v,m;) and construct m; 1 = ¢ (z41,v,&), which is feasible since ¢;(z,v,&) is
identified and strictly monotone in £&. The transfer preserves &, and since v is the same at
both endpoints, w = hy (¢, (v), &) is also preserved. Hence ¢; ' (x;41,mj11) = ¢, ' (2, m;).
To move from one link to the next requires re-anchoring at a different v: the constructed

ym|xj+1,v’

(41, mjp1) must satisfy m; € &, . This is guaranteed by (43), since mjy; =

¢i(xj41,w) for some w € (0, 1) and hence lies in S regardless of v

Applying this iteratively along the chain from Step 2, starting at (z,m?) with v
A*)B)

and terminating at 2% with v?, we obtain a point (zZ,m satisfying ¢; (2%, mA=P)
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o (o, m?) = wh.
Step 4: Ordering. We now have (2%, mA~8) with ¢, *(z®, m4~5) = w4 and the original
(B, mPB) with ¢; (2%, mP) = wP. Both points share the same » = z%, and ¢, is strictly

increasing in w, so

wt < WP = mE < mb

Since mA~8 is identified using the identified ¢, function, the ordering is identified. O

F.3 Proof of Theorem 3.1

Proof. Fix an arbitrary value of (kji, ljt, mj¢, zj¢) in its support. By the monotonicity (in-
vertibility) of the materials policy, this pins down—and hence identifies—the corresponding
wj¢, which in turn pins down gj; through the production function. We keep (j,t) subscripts
when they help avoid ambiguity.

Let

R] (€> = Ft(tha th7 66) - exp(d_}(kjt: ljta mjt7 tha 6))7 Qﬂ = 1Og tha
and define the (log) revenue elasticity with respect to quantity,

Olog R.(€)

Va(Gjts 2jt, €) = P
J

Since OR;i/dq;e = Rjiy, and 9¢;/0Qj = 1/Qjt,

(44) Lo(Qjt Zjs, ) Qe = Yoyt Zjt, €) Rji(e).

Step 1: a key moment from the materials FOC. The FOC of (24) implies
Ec [Co(Qjts Zjes €) | Kies Ljes Zjes wie] Fory, = pr.

Let f,, = Fu, Mji/Qj denote the materials elasticity in the quantity technology. Multi-
plying the FOC by Mj; and using Fyy,, Mj; = fm,, Qi gives

(45) fms Be[Lo(Qjt, Zji, €°) Qie] = peMje.

Using (44), define
th = ]EE [’Yq(tha Zjts 6) Rjt(e)] )
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so that (45) becomes
(46) fmﬁ t - ptM

Step 2: derivative moments from 1. Because (-, €) is identified (under the normalization
e ~ N(0,1)), so are its derivatives with respect to (k,[, m). Differentiating with respect to

m;; and applying the chain rule yields

(47) Gkt it 230 ©) = Y050 730:€) (Fonge + o (6 s ).

where (¢71),,,, is evaluated at (kji, Lj;, mj, zj;). Multiplying by Rji(e) and taking expecta-

tions gives
(48) dy jo = Be| Rjr(€) U (Kje, Liv, e, 2j1, € )] = (fmjlt + fwﬁ(ﬁl)mﬁ) Xji.
Next define
c1,36(€) = Vr(kjes ity e, 2jes €) + VulKjes Loy Mt 2jts €) + Din(Kjes Loy Mjes 2j1, €),

jp = fkfjt + fljt + fmjt7 Co5t = (¢_1)k‘jt + (gb_l)ljt + (gb_l)mjt'

Summing ¥; = v, (fl- + fwjt(¢_1)i) over i € {k,l, m} yields
(49) Cl,jt(e) = Vq(th, Zjt, 6) (Oéjt + C2,jtfwjt);

and multiplying by R;.(e) and taking expectations gives
(50) d2,jt = Ee[cl,jt(e) Rjt(e)} = (Oljt + Cthfwjt) th.
Step 3: identify f.,, /oy and v, up to scale. Equations (46), (48), and (50) imply

S Xit = pMje,  dige = (fnge & Joy (0 Dy ) X, dage = (e + Cogefuy) X

Eliminating f,,, X;; using (46) gives dij; — p:Mj = fu,, (¢~ )mthjt. Substitute X;; =
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dajt /(i + cajifuy,) to obtain

i (dije — peMjy)

51 =
(51 o (0™ V) my, daje — caje (duje — peMje)

= ijt fwjt'

Hence fwjt is identified. Let €;; denote the implied (and hence identified) idiosyncratic

demand disturbance obtained by inverting the reduced-form revenue function,
eje = 0 (Kje, L, e, 22, 7).
Using (49) and oy + ¢t fuo,, = aje(1 + C2,jtfwjt), we obtain

1 ey ileg)
52 qjty Zjt, €5 :_’]—jN’
( ) ’Yq( Jts <5t Jt) a5t 1 +02,jtfwjt

S0 7, is identified up to the scale factor 1/ay;.

Step 4: recover elasticities up to RTS. Fori € {k,l,m}, the identity v; = v, (fi,,+fu,. (67 1)i;,)

implies

@Z_}i(kjt» ljt7 Mgty Zjt, €jt>

.= s . )
fljt 'Yq(tha Zjt, Ejt) f Jt(¢ ) it
_i k’ s l it ma , 2 , €. ~ ) . )
(53) = ajy Vi(kje, L, mye, 2jt, €5t) (1+ ojifun) = fur (0 Vi ) = gt fi,.
Cl:jt(ejt)

Hence ﬁ-jt is identified for i € {k,l,m}; together with (51), this yields identification of ﬁ-jt
for i € {k,l,m,w}. O

F.4 Proof of Theorem 3.2

Proof. Under Assumption 3.6, the production function admits the representation
filk,lm,w) = ok + g.(1,m,w),

where [ = [ — k, . = m — k, and « is the known degree of homogeneity. The partial

derivatives of g; satisfy

0gt 0 8915

_ 99t _ o _
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By Theorem 3.1, (f;, fim, f.o) are identified up to RTS; with a known, they are point-identified
at each observation. Hence the gradient Vg, = (fi, fm, f.) is identified at each point on the
equilibrium manifold.

It remains to show that the identified gradient determines g; up to an additive constant.

On the equilibrium manifold, m;; = ¢(kjq, l}-t + kjt, zjt, wjt) — kjp. For any fixed (zjt,w;t),

the Jacobian of the mapping (kji, i) — ({ji, M) is

od,m) ( —t 1
ok, 1) 99 | 99|
ok ol

whose determinant equals 1 — 0¢,/0k — 0¢;/0l # 0 by Assumption 3.7. Hence (kj;, ;) —

(11, m;1) is a local diffeomorphism for each fixed (zj, wjt), so (L, m;¢) fills out an open subset
of R?. Because wj; varies over an interval, the support of ([jt, ¢, wj;) contains a connected
open set & C R3.

Since g, is C! and its gradient is identified on &, the fundamental theorem of line
integrals gives, for any reference point (io, Mo, wp) € & and any path v C & from (l~0, Mo, Wo)
to (l~ LM, W),

gt([7m7w) - gt(i’()ymOawO) = /Vgt : d87
vy

where the right-hand side is identified because Vg; is identified on & and the integral is
path-independent (since Vg; is by construction a gradient field). Therefore g, is identified
on & up to the additive constant gt(l~0, Mo, wp), and f; = ak+g, is identified up to an additive

constant. ]

G Estimation Details

G.1 Imposing Homogeneity
Under specification (16), homogeneity of degree r in (K, L, M) requires that the second-

order interaction terms respect the constraint that scaling all inputs by a common factor A

scales output by \". At the coefficient level, this is equivalent to the following linear equality
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. Qr
constraints:*’

204k + Bri + Brm = 0,
201 + Br + Bim = 0,
28mm + Bkm + Bim = 0,
Brw + Biw + Bmw = 0.

(54)

In implementation, we impose (54) by reparameterization: we solve these linear restrictions
for a subset of coefficients and substitute them back into the objective, thereby reducing the
dimension of the parameter vector to be estimated.

Specifically, we solve the first three constraints for By, Bu, Bmm and the fourth for Sy.:

B = — 3 (Bra+Bem), Bu = —2(Bu+Bum), Brm = — 2 (Bem=+Bim) Brw = —(Biw+Bmw)-

The free parameter vector is therefore (8o, B, Bis Bms Bus Bits Bems Bims Bios Boo, Bus), which
has eleven elements instead of the original fifteen.

Substituting into (16) and collecting terms by free parameter, the reparameterized pro-

duction function is

F(Kjt, Lie, e, wie) = Bo + Br kje + Bilje + B Mt + B wi
(55) — B (ke — 1jy)? = B (kjy — my)® — 222 (L — mye)”

+ Bl — kje)wie + B (Mye — Kje)wje + Buw w?t.

Note that all second-order input interactions now enter through pairwise log-ratios (k;: — (),
(kjt —mj;), and (I;; — mj;), while the productivity interactions enter through ({;; — k;;) and
(mje — Kje).

Differentiating (55) with respect to each argument yields the model-implied elasticities

35Flynn et al. (2019) impose analogous linear restrictions when imposing constant returns to scale under
imperfect competition.
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used in the minimum-distance criterion (17):

fkjt = B + B (Lt — kjt) + Brm(myje — kjt) — (Biw + Bimw) wiit,
]Eljt = B+ Bra(kje — Uie) + Bim(myje — L) + Buo wit,
fmjt = ﬁm + Bkm(kjt - mjt) + ﬁlm(ljt - mjt) + ﬂmw Wit,

.fwjt - 5w + 5lw(ljt - kjt) + 5mw(mjt - kjt) + zﬁww Wit

As a consistency check, observe that fkjt +ﬁjt +fmjt = B+ i+ B for every (kji, Lz, mji, wit),

confirming that returns to scale are constant across observations, as required by homogeneity.

G.2 Imposing Optional Shape Restrictions

To ensure that the estimated production function conforms to standard theoretical regu-
larities, we optionally augment the minimum-distance criterion (17) with one-sided quadratic
penalties that are incurred only when a restriction is violated.

Let [a]+ = max{a,0}. Denote by F(-;3) the structural production function in (16),
with first and second partial derivatives F, and F,, evaluated at (Kj, Lj;, Mj;, wj). For
each input I € {K, L, M}, we consider the following restrictions: (i) concavity in input 7,
Fr; <05 (ii) monotonicity in productivity, F,, > 0; and (iii) complementarity between input

I and productivity, F7, > 0. The penalized objective is

(60)
mﬁin QB) + A[}Z [FH(Kjt,ijth,wjt;ﬁ)]i

Jrt
2 2
+ A Z [ — Fw<Kjt; Lje, M, wiy; B)]+ + Ao Z [ — F[w(Kjt, Ly, My, wiy; ,B)L_,
Jit Jit

where Q(3) denotes the baseline minimum-distance objective in (17), and A7y, Ay, Ay, > 0
are user-chosen penalty weights (tuning parameters, not estimated).

The penalties are one-sided: when a restriction is satisfied, the corresponding term
equals zero and imposes no cost; when it is violated, the objective increases quadratically

with the magnitude of the violation.

H Data Details and Summary Statistics

We construct the variables and estimation sample following Brandt et al. (2012). Nom-

inal revenue is deflated using industry-specific output deflators, and nominal expenditures
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on intermediate inputs are deflated using the corresponding input deflators, both provided
in Brandt et al. (2012). Real capital is constructed using the perpetual inventory method
described therein: the initial nominal capital stock is estimated from a firm’s reported fixed
assets at original purchase prices and the year the firm was established, and subsequent
real capital stocks are obtained by deflating annual investment using the investment price
deflator constructed by Brandt and Rawski (2008) and applying a depreciation rate of 9%.%
Labor is measured as the number of employees.

The ASIE covers all state-owned enterprises and all non-state firms with annual revenue
from principal business exceeding 5 million RMB. As documented in Brandt et al. (2014),
the data from the 2004 Economic Census year differ from the regular annual surveys in
coverage and variable availability. Most notably, the 2004 wave includes a broader set of
firms captured by the census enumeration, which leads to a noticeable increase in the number
of observed firms relative to adjacent years (Table 7). Because the firms captured in 2004
satisfy the same above-scale threshold and report the same core production variables used
in our analysis, we retain the 2004 observations.

The panel is unbalanced: firms enter and exit the sample as they cross the reporting
threshold or begin and cease operations. We do not restrict attention to a balanced panel,
so our estimates reflect the full cross-section of above-scale firms in each year. Industry
classification follows the concordance procedure in Brandt et al. (2012), which harmonizes
the change from the GB/T 1994 to the GB/T 2002 national industry classification system
that took effect in 2003.

We classify firms into three ownership categories. A firm is defined as an SOE if its
registered ownership type is recorded as state-owned, as foreign if it is recorded as foreign-
invested or Hong Kong/Macau/Taiwan-invested, and as domestic private otherwise. In our
estimation, the resulting vector of ownership indicators enters both as a demand shifter and
as a control variable in the Markov process for productivity.

We implement several standard data-cleaning steps. We first drop observations with
nonpositive values for the key variables in the analysis, including revenue, capital, labor,
intermediate inputs, wages, and value added. We then exclude firms with fewer than seven
employees. Finally, for each industry-specific sample as well as for the pooled sample, we
regress revenue on capital, labor, and materials using OLS, and winsorize observations based

on the 1st and 99th percentiles of the resulting residuals.

36See Brandt et al. (2014) for a detailed discussion of capital stock measurement and other variable
construction issues in the ASIE data.
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The following two tables present summary statistics and time trends for the key variables

in our sample.

Table 6: Summary Statistics for the Chinese Manufacturing Panel

Variable N Mean SD P25 Median P75

Panel A: Continuous Variables

Revenue 2,080,589 76,284.51 727,010.75 7,534.00 16,146.00 41,111.00
Real Capital 2,080,589 38,383.52 550,893.80 1,597.32  4,359.67 13,414.85
Employment 2,080,589 278.24 1,313.72 50.00 105.00 230.00
Material Expenditure 2,080,589 58,235.87 557,971.25 5,700.00 12,368.00 31,540.00

Panel B: Ownership Types

Ownership Type # Firms # Observations
SOE 73,901 298,141
Foreign 95,622 412,903
Domestic Private 390,033 1,369,545
Total firms 559,556

Total observations 2,080,589

Note: All monetary values are expressed in thousands of Chinese yuan.
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Table 7: Time Trends in Firm Medians and Ownership Composition for the Chinese Manufacturing Panel

Year Revenue Real Capital Employment Material Exp. SOE Foreign D. Private Total Firms

1998 10,180.00 4,569.63 132 8,190.00 53,981 25,616 74,770 154,367
1999 10,800.00 4,990.90 128 8,510.00 48,798 25,923 75,447 150,168
2000 12,000.00 5,022.88 125 9,352.00 41,048 27,449 81,213 149,710
2001 12,634.00 4,670.47 120 9,855.00 33,560 30,251 92,303 156,114
2002 13,800.00 4,539.42 117 10,696.00 28,814 33,152 103,580 165,546
2003 15,900.00 4,470.36 113 12,194.00 23,125 37,106 119,575 179,806
2004 14,375.00 3,468.02 92 11,055.00 25,974 55237 181,016 262,227
2005 19,085.00 4,186.13 100 14,438.00 16,579 54,211 183,161 253,951
2006 21,287.00 4,305.32 95 15,960.00 15,191 58,721 212,554 286,466
2007 25,170.00 4,403.06 90 18,718.00 11,071 65,237 245,926 322,234

Note: Total Firms is the number of distinct firms observed in that year.

I Empirical Appendix for Perfect Competition: Chile

and Colombia

Our main empirical analysis focuses on imperfect competition. In this appendix, we
briefly report the corresponding results under perfect competition. This exercise serves three
purposes: to assess the performance of our estimators, to document the misspecification bias
induced by Hicks-neutral models, and to provide empirical support for the homogeneity
condition.

We apply our estimators to the Chilean and Colombian manufacturing panels used
by GNR, which have also been widely used in the IO and international trade literatures.
Descriptive statistics and estimation results are reported in Table 8.

Table 9 reports output elasticities estimated using our nonseparable reduced-form es-
timator (NS; Section 2.3), our homogeneous structural estimator (HM; Section 2.3), and
GNR'’s Hicks-neutral procedure (GNR). When implementing the HM estimator, we further
enforce concavity (Fy < 0) and complementarity (Fy,, > 0) via the one-sided penalty
terms described in Appendix G.

Both NS and HM produce plausible output elasticities. Because the NS specification
nests Hicks neutrality as a special case, the comparison between NS and GNR isolates the

consequences of Hicks-neutral misspecification. Across industries in both countries, the
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Table 8: Descriptive Statistics for Chilean and Colombian Manufacturing Estimation Samples

Variable N Mean SD P25 Median P75
Panel A: Chile (1979-1996; firms with >10 employees)

Sales 70,446 134,365.38 978,174.30 3,047.13 11,525.05 46,549.62

Capital 70,446  20,377.95 148,443.33 420.97 1,416.29 6,048.61

Labor 70,446 85.54 190.05 19.82 33.26 71.75

Material Expenditure 70,446  34,917.39 239,225.70 1,854.43 4,344.52 14,572.38

Number of firms 9,827
Number of observations 70,446

Panel B: Colombia (1981-1991; plants with >10 employees)

Sales 41,493  24,316.79 102,345.12  983.00 3,013.27 12,536.32
Capital 41,493 8,178.67 140,260.28  222.40 786.48  3,210.73
Labor 41,493 119.37 268.46 18.10 40.50 106.23

Material Expenditure 41,493  15,088.74 74,643.60  511.58 1,691.70 7,647.72

Number of firms 6,633
Number of observations 41,493

Note: We construct all variables following the procedures in GNR. The Chilean sample is based
on the manufacturing census compiled by Chile’s Instituto Nacional de Estadistica and covers firms
with more than 10 employees during 1979-1996. The Colombian sample comes from the manufac-
turing census and covers plants with more than 10 employees during 1981-1991. Monetary values
are measured in local pesos. Labor is measured as a wage-weighted sum of blue- and white-collar
workers, where blue-collar employment is weighted by the ratio of the average blue-collar wage to
the average white-collar wage.

Hicks-neutral specification systematically overstates the labor elasticity, by about 22% on
average, and therefore also overstates returns to scale. In some cases, this changes the implied
classification of the technology as exhibiting increasing, constant, or decreasing returns to
scale.

Figure 10 shows that the NS-based estimates of returns to scale display little dispersion
across firms. This pattern is consistent with approximate homogeneity and therefore provides

empirical support for the HM specification.®’

3TA formal test of homogeneity based on whether the standard deviation of returns to scale is zero is
nonstandard, because zero lies on the boundary of the parameter space (Andrews, 2001). One practical way
to address this boundary issue is to test whether the standard deviation exceeds a small positive threshold
0 (Wellek, 2010).
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Figure 10: Coefficients of Variation of Output Elasticities and Returns to Scale: Chile and Colombia
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Note: This figure reports the coefficients of variation (CVs) of the estimated output elasticities and the

implied returns to scale (RTS) across manufacturing industries in the Chilean and Colombian samples,

obtained using the reduced-form nonseparable estimator described in Section 2.3. Error bars indicate 95%

confidence intervals. Importantly, no restrictions on returns to scale are imposed in this estimation.
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Table 9: Average Output Elasticities in Chilean and Colombian Manufacturing

Industry (ISIC Code)

Food (311) Textiles (321) Apparel (322)  Wood Products (331) Fabricated Metals (381) All

NS HM GNR NS HM GNR NS HM GNR NS HM GNR NS HM GNR NS HM GNR

Chile

Labor 023 023 028 036 036 045 036 035 045 033 033 040 042 042 052 029 029 0.38
(0.01) (0.01) (0.01) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.01) (0.01) (0.01)

Capital  0.10 010 011 012 0.3 011 009 009 006 008 009 007 013 014 013 016 0.16 0.16
(0.00) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)  (0.01) (0.00) (0.00) (0.00)

Materials 0.67 0.68 0.67 055 055 054 056 057 056 060 060 059 050 050 050 056 0.56 0.55
(0.00) (0.00) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)  (0.01) (0.00) (0.00) (0.00)

RTS 1.00 1.00 1.05 1.03 1.03 110 1.01 101 1.08 1.02 1.02 1.06 106 106 115 101 1.0l 1.09
(0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01)  (0.02) (0.00) (0.00) (0.01)

Cap.int. 041 041 039 035 035 024 024 026 014 026 026 018 032 035 025 054 055 043
(0.03) (0.03) (0.01) (0.04) (0.04) (0.04) (0.04) (0.04) (0.03) (0.04) (0.04) (0.03) (0.04) (0.04) (0.03) (0.02) (0.02) (0.02)

Colombia

Labor 0.18 020 0.22 026 026 032 036 035 042 036 035 044 0.32 0.32 0.43 029 0.29 0.35
(0.01) (0.01) (0.02) (0.02) (0.02) (0.03) (0.01) (0.02) (0.01) (0.03) (0.03) (0.05) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01)

Capital  0.04 0.05 0.12 0.08 0.09 0.16 0.06 0.06 0.05 0.04 007 0.04 0.10 0.11 0.10 0.09 0.09 0.14
(0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.01) (0.00) (0.00) (0.01)

Materials 0.71 0.70 0.67 0.56 0.56 0.54 0.53 0.54 0.52 053 0.54 051 0.55 0.55 0.53 0.56 0.56 0.54
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.03) (0.01) (0.01) (0.01) (0.01) (0.00) (0.00) (0.00)

RTS 093 094 1.01 090 091 1.01 094 094 099 094 096 099 0.97 0.98 1.06 094 094 1.04
(0.01) (0.01) (0.01) (0.03) (0.02) (0.02) (0.01) (0.01) (0.01) (0.04) (0.04) (0.04) (0.02) (0.02) (0.01) (0.00) (0.00) (0.00)

Cap. int. 0.22 024 055 033 0.37 049 0.16 0.18 0.12 0.12 021 0.08 0.33 0.36 0.23 0.32 0.32 0.40
(0.07) (0.05) (0.08) (0.08) (0.07) (0.09) (0.03) (0.03) (0.02) (0.07) (0.06) (0.05) (0.05) (0.06) (0.04) (0.02) (0.02) (0.03)

Note: The table reports mean output elasticities of labor, capital, and materials under three estimators (NS, HM, and GNR) for the five largest manu-
facturing industries in Chile and Colombia, as well as a pooled specification (All). Returns to scale (RTS) are defined as the sum of the three elasticities.
Capital intensity (Cap. int.) is measured as the ratio of the mean capital elasticity to the mean labor elasticity. Parentheses report bootstrap standard
errors based on 200 replications. NS denotes our nonseparable estimator under perfect competition (see Section 2.3 for details). HM imposes an addi-

tional homogeneity restriction relative to NS (Section 2.3). GNR denotes the Hicks-neutral estimator proposed by GNR.
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