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Abstract

We estimate the direct and indirect effects of demand expansions on inflation in In-
dia. Firms face supply and demand distortions that shape their prices, markups, and
scale decisions. Using disaggregated data for manufacturing firms and a variety of re-
search designs across firms, industries, and regions, we provide a portable method for
the estimation of the slope of the Phillips curve, and the magnitude of the reallocative
effects of monetary expansions which are driven by the distribution of demand and
supply distortions. The slope of the Phillips curve in India is one order of magnitude
steeper than in the United States.
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1. Introduction

What role do Keynesian economics play in developing economies? In particular, how do
aggregate demand expansions translate into inflationary pressures or increases in real out-
put? A large body of empirical evidence in advanced economies shows strong evidence for
Keynesian mechanisms. However, developing economies differ in fundamental ways. The
macroeconomic environment is characterized by high and volatile inflation, which may
affect the sluggishness of the price level to changes in demand. Production may be less
scalable, hindering real output expansions. Finally, developing economies are subject to
large allocative distortions, whichmay interact with the inefficient price dispersion caused
by inflation.

In this paper, we quantify the effects of domestic demand expansions on inflation in In-
dia, a large developing economy. To guide our empirical investigation, we develop a New
Keynesian model with two key ingredients: firms face input wedges in the tradition of
the misallocation literature, and have variable demand elasticities giving rise to variable
markups. In this framework, demand shocks affect inflation not only through the output
gap (the standard slope of the Phillips curve) but also through potential changes in al-
locative efficiency. We fully characterize the response of inflation as a function of a small
number of sufficient statistics, and prove how these statistics can be identified in firm-level
data on output and input prices using a number of portable causal research designs. Our
main result is that the Phillips curve is steep, with a slope roughly 8 times larger than es-
timates for the United States. This is due to a combination of less sticky prices and steeper
marginal cost curves. Changes in allocative efficiency play only a small role.

To reach our conclusions, we introduce a theoretical framework that then guides our
empirical analysis. We start from the benchmark infinite-horizon New Keynesian model,
with firms facing frictions to reset their prices as in Calvo (1983). We allow for decreasing
returns to scale and roundabout production. We incorporate two non-standard ingredi-
ents. First,wedepart from theCES assumption and allow for non-isoelastic demand curves
generated by a Kimball (1995) demand system. Second, we allow for steady-state distor-
tions in firms’ input decisions, which have been demonstrated to be a key feature of the
macro-economy of developing countries.

In this model, demand expansions affect inflation through two distinct channels. First,
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we can define the slope of the Phillips curve as the effect on inflation of an increase in
the output gap—holding aggregate allocative efficiency constant. This slope is shaped by
three key forces: the extent of price rigidities, the desired passthrough of costs into prices
(which reflects micro-level strategic complementarities), and the elasticity of aggregate
marginal costs to changes in aggregate quantities.

Second, demand expansions endogenously affect allocative efficiency. In the steady-
state of the model, the allocation of resources across firms is inefficient. Hence, demand
expansions have a first-order effect on allocative efficiency, via a reallocation of produc-
tion to more or less distorted firms. The first of these reallocative effects happens due to
firms facing different demand elasticities, and hence charging different markups and hav-
ing different pass-throughs. This channel is the same as in Baqaee, Farhi, and Sangani
(2024), which we generalize to non-constant returns to scale. The second channel is new.
Heterogeneous markups and input wedges generate a distribution of ex-ante combined
distortions, and firmswith different distortions have different pass-throughs. Demand ex-
pansions improve (worsen) allocative efficiency if they reallocate quantities to firms with
ex-ante larger (smaller) combined output markups and input wedges. The allocative ef-
fects of demand shocks on inflation enter the Phillips curve as an endogenous cost-push
shock: positive (negative) allocative efficiency effects work to flatten (steepen) the Phillips
curve.

We fully characterize the responses of inflation and allocative efficiency to demand
shocks as a function of a small number of sufficient statistics related to the response of
firms to cost and demand shocks. We prove how these statistics can be identified in firm-
level data on output and input prices using a number of portable causal research designs.
Our approach has three key advantages. First, our methodology circumvents the iden-
tification challenges that are ubiquitous in time series identification of the relationship
between demand expansions and inflation. Second, by estimating a small number of suffi-
cient statistics, as opposed to a full parametrization of the demand system or of the supply
side, our approach gains in robustness to model misspecification. Third, our approach al-
lows to break down the response of the economy into distinct and easily-interpretable
mechanisms.

We apply these insights to estimate the slope of the Phillips curve and the allocative
effects of monetary policy in India. We exploit the Indian Annual Survey of Industries
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(ASI), a large-scale representative survey of manufacturing establishments, over the pe-
riod 1998-2017. Crucially for our research designs, the ASI contains rich information on
the quantity and prices for the products that Indian firms sell, and the inputs they use. This
allows us to construct price and quantity sold changes at the firm×product-level across
1,200 highly disaggregated products. As evidence for the quality of our data, we show that
aggregating the firm×product-level changes in prices allows to closely match the dynam-
ics of PPI inflation over our sample period. Similarly, on the input side, we construct cost
and quantity purchased changes at the firm×input-level.

We start by estimating the response of inflation to a change in the output gap, holding
allocative efficiency constant. We show that a combination of three data moments allow
us to recover the slope of the Phillips curve: the average pass-through of input cost shocks
into prices, the elasticity of marginal costs to demand shocks, and the frequency of price
adjustment.

The first input to estimate the slope of the Phillips curve is the pass-through of in-
put cost shocks to product prices. A simple OLS regression of output prices on input
costs would yield a biased estimate if unobserved demand shocks cause a firm to increase
its price and lead to higher input costs. To circumvent this concern, we instrument the
realized change in input costs by a shift-share instrument exploiting variation in firms’
pre-determined exposure to intermediate inputs with different price dynamics, similar to
Amiti, Itskhoki, and Konings (2019). We find a pass-through equal to 0.22 at the annual
frequency, for cost shocks that are well-approximated by an AR(1) with persistence equal
to 0.75. Models with constant markups and constant returns to scale would imply esti-
mates four times as large as ours. Because of our inclusion of a battery of fixed effects,
these estimates effectively hold competitors’ prices constant.

Our second research design estimates the elasticity of marginal costs to changes in
firm-level quantities. An obvious identification threat is the presence of firm-specific sup-
ply shocks that increase marginal costs and reduce quantities even though they are not
informative about the shape of the marginal cost curve that firms face. The ideal source
of variation is a demand shifter that affects quantities, and through them affects marginal
costs. We introduce a demand shifter that exploits changes in product demand in themar-
ket place, and heterogeneity in the exposure of firms to different products. The identifying
assumption is that firms more exposed to products that experience demand shocks, are
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not, at the same time, more prone to experience supply shocks. We find that at the firm
level, a one percent increase in quantities causes an increase in marginal costs of 0.2 per-
cent, consistent with a returns to scale parameter of 0.83 in the short run.

The slope of the Phillips curve depends on the slope of the aggregate cost curves,which
reflect the effect of demand shocks on input prices. We then use the same design across
industries and regions to identify the elasticity of the marginal cost curve at those levels
of aggregation. These IV estimates allow us to measure the shape of the marginal cost
curve without imposing additional structure on input suppliers (e.g., the Frisch elastic-
ity of labor supply), firm-level returns to scale, and without the need of using indirect
inference via matching the shape of the aggregate response of the economy to monetary
policy shocks, which are the twomost common approaches in the literature. Our approach
is transparent and robust to model mispecification in other blocks of the model. Our esti-
mates imply that after a one percent increase in industry or regional output,marginal costs
at the corresponding level of aggregation rise by 0.6-0.7 percent. Our industry-level esti-
mates are three times larger than those estimated by Boehm and Pandalai-Nayar (2022)
in the United States, suggesting meaningfully steeper marginal cost curves in India.

The final input is the frequency of price changeswhichwemeasure directly in the data.
We measure a frequency of price changes of 91 percent at an annual frequency, consistent
under our model assumption of random price changes with a monthly frequency of price
changes of 0.18. This is higher than the number reported by Nakamura and Steinsson
(2008), and comparable to references in the literature for countries and time periods with
similar inflation rates as India in our period of study (Gagnon 2009; Nakamura et al. 2018;
Alvarez et al. 2019).

Putting these estimates together, we find that the slope of the Phillips curve in India
is 0.066 at the quarterly frequency, 8 times larger than in the United States. A key ad-
vantage of our approach is our ability to decompose the magnitude of the slope into its
three subcomponents, the frequency of price changes, the pass-through of marginal costs
into prices, and the elasticity of marginal costs with respect to production. The steeper
marginal cost curve in India accounts for most of the difference: if the elasticity of costs to
changes in output was equal to that reported by Boehm and Pandalai-Nayar (2022) for the
United States, then the slope would be three times flatter. Less sticky prices matter too: if
India had the same frequency of price changes observed in developed countries, our esti-

4



mates would be half as large. The rest of the difference is explained by differences in price
pass-through estimates.

Turning to the allocative effects of demand shocks, they depend on the average and
differential effect of input cost shocks on prices and quantities across firms with different
ex-ante combined distortions. Importantly, these effects cannot be, in general, summarized
by differential price pass-through estimates across the size distribution, since size is not
a sufficient statistic for ex-ante wedges in our setting. In addition, we present evidence
that the differential pass-through of prices across the size distribution, and the differential
pass-through across the ex-ante distortion distribution are in fact different in our data,
indicative of the empirical relevance of including in the model information on the joint
distribution of size and distortions simultaneously.

The allocative effects of changes in aggregate demand are quantitatively small. The
data moments that inform these small elasticities are the compressed pass-throughs for
firms with different demand elasticities, and that quantity pass-throughs are not quanti-
tatively dispersed enough across firms with different ex-ante combined distortions. These
two results imply that quantitatively, assuming that the aggregate supply curve is stable
after a temporary aggregate demand expansion is a good assumption for the context we
study, even when the economy suffers from substantial inefficiencies.

Finally, we simulate a set of impulse response functions to illustrate the quantitative
effect of a monetary policy shock on inflation and output in our setting compared to two
leading studies in developed economies (Hazell et al. 2022; Gagliardone et al. 2023). We
document that after an exogenous shift inmonetary policy of the samemagnitude, and the
same parameterization of themonetary policy rule and the demand block of the economy,
India’s output response is half of the response in the United States and Belgium. Inflation
is more than twice as responsive.

Related literature. First, this work most closely relates to the large body of work on the
slope of the Phillips curve. The overwhelming majority of contributions study the United
States or other OECD countries. Most papers rely on time series methods, despite ubiq-
uitous identification and statistical issues (Mavroeidis, Plagborg-Møller, and Stock 2014).
A relatively recent series of papers exploits cross-sectional variation: Beraja, Hurst, and
Ospina (2019); Hazell et al. (2022); Cerrato and Gitti (2022); Gagliardone et al. (2023).
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Closest to the approach implemented here, Gagliardone et al. (2023) also exploit micro-
level data on prices and quantities from Belgium to estimate the slope of the Phillips
curve. Compared to their work, we introduce two novel contributions. First, the analy-
sis in Gagliardone et al. (2023) focuses on identifying the slope of the marginal cost-based
Phillips curve. We develop causal research designs to identify the slope of marginal cost
curves in the cross-section of firms, industries, and local labormarkets, to recover the slope
of the output-based Phillips curve. Second, we characterize and quantify how the slope of
the Phillips curve is modified when distortions interact with pricing frictions.

We also complement the few studies that study the slope of the Phillips curve in the
context of emerging and developing economies, all using time series methods (Mohanty,
Klau et al. 2001; Filardo and Lombardi 2014; Ball, Chari, and Mishra 2016).

Second, we relate to a recent literature studying the effects of monetary shocks on
allocative efficiency (Reinelt and Meier 2020; Mongey 2021; Baqaee, Farhi, and Sangani
2024). Our framework builds on Baqaee, Farhi, and Sangani (2024), which we augment
to account for potentially non-constant returns to scale and the presence of input wedges.
These new ingredients qualitatively affect predictions regarding the effect of monetary
shocks for allocative efficiency. We show non-parametric identification of the sufficient
statistics that determine the allocative efficiency effect. Finally, we provide a quantitative
analysis of this channel in a large developing country—where this type of effects are likely
to be strongest.

Third, we complement the literature on pricing decisions in emerging and developing
countries (Gagnon 2009;Alvarez et al. 2019;Drenik andPerez 2020).While existing studies
focus on hyperinflation episodes, we study a setting with moderately high and persistent
inflation, which is representative of “normal times” in these countries. Second, we focus
on estimating the effect of domestic demand expansions on inflation.

Finally, our work contributes to the literature on the passthrough of cost shocks into
prices (Gopinath and Rigobon 2008; Gopinath and Itskhoki 2011; Amiti, Itskhoki, and
Konings 2019) and the literature on micro- and macro-level cost curves (Shea 1993; Bres-
nahan and Ramey 1994; Boehm and Pandalai-Nayar 2022). We use these estimates as the
building blocks to our estimation of the slope of the Phillips curve.
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2. Motivating facts

2.1. Inflation in developing countries is high and variable

In this subsection we document a simple fact: average inflation rates decline along the
development path. We use data on CPI inflation and GDP per capita in constant 2005
dollars coming from the World Development Indicators.

Figure 1 illustrates using a binned scatter plot, the cross-country relation between GDP
per capita in logarithms and CPI inflation for the period 1980-2023. Each observation cor-
responds to one country and the values are themedian value of each variable across years.
There is a strong negative association between the two variables. Low income countries
have, on average, higher average inflation rates. Our choice of using the median has the
intention of filtering the effect of influential observations driven by periods of hyperinfla-
tions.

Figure 1. Inflation in the cross-section of countries
Note: The Figure shows the association between the median log GDP per capita in a country and its median
CPI inflation rate from 1980-2023. Source: World Development Indicators.

2.2. Developing countries are subject to large allocative distortions

A large literature in macroeconomics and economic growth has documented large alloca-
tive distortions in developing countries. Intuitively, cost minimization implies that firms
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equalize the marginal revenue product of their inputs to their corresponding input costs.
If there is dispersion in actual or implicit taxes and subsidies to the input costs firms face,
they will translate into dispersion in the marginal product revenue of different inputs.
Policies or shocks that induce reductions in the dispersion of marginal products across
firms will therefore increase allocative efficiency.

Although we will document the dispersion of input wedges across firms in the sample
of firms we will use, in this section we will offer some references that is indicative of the
large allocative distortions that developing economies face.

The classical reference is the seminal work of Hsieh and Klenow (2009), that studies
the effect of allocative distortions in China, India, and the United States. The ratios of 90th
to 10th percentiles of TFPR are 5.0 in India, 4.9 in China, and 3.3 in the United States, con-
sistent with the idea that developing economies face substantially more acute distortions
than developed countries.

The Hsieh and Klenow (2009) analysis has been extended to other countries, refined
in their methods and sources of variation (Oberfield 2013; Gopinath et al. 2017; Bau and
Matray 2023), but the main message persists, developing economies are highly distorted.

2.3. Unobserved shocks make difficult the estimation of the Phillips curve using ag-
gregate data

Our approach in this paper avoids conducting an estimation of the shape of the Phillips
curve using time-series techniques for two reasons. First, inference is difficult due to weak
instruments problems associated with difficulty of forecasting future inflation (Mavroei-
dis, Plagborg-Møller, and Stock 2014) , and due to the presence of inflation shifters that are
correlated with economic activity, for example changes in beliefs about the future conduct
of monetary policy (Hazell et al. 2022). Second, the various layers of variation we will use
will equip us to decompose the slope of the Phillips curve in India in different elasticities
that reflect different economic mechanisms.

It is useful to inspect two episodes of recent economic history in India to understand
the magnitude of the problem of using time series analysis to uncover the slope of the
Phillips curve. We use what Stock and Watson (2020) call the Phillips Correlation which is
an association between inflation and quantities in equilibrium, as opposed to the structural
interpretation of the Phillips curve which plays the role of the aggregate supply schedule.
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Our measure of inflation is the percent change in the manufacturing Wholesale Price In-
dex, and for quantities we use the cyclical component of themanufacturing quantity index
that we recover using the Hamilton (2018) filter.

Figure 2 highlights two key episodes of recent Indian monetary history. Both panels
show the same data, but highlight different historical episodes. The x-axis in each figure
is the Output gap, and the y-axis is the year-over-year inflation rate. Each dot corresponds
to a particular date, which we caption. The top panel highlights the period after the Great
Financial Crisis, from 2010 to 2012, whichwas characterized by a strong deceleration of the
economy together with a stable inflation rate of around 7%. Interestingly, this parallels dis-
cussion of a “missing disinflation” in theUnited States at the same time. The second period
we highlight is the plummeting of the inflation rate around 2014 after the newly-appointed
governor of the Reserve Bank of India Raghuram Rajan announced the adoption of infla-
tion targeting, with potential effects for long-run inflation expectations and consequently
for the inflation rate, as well as the end of adverse supply shocks. This vertical shift in the
Phillips correlation reminisces the United States during the early 1980s.

Of course, it is a possibility that the Phillips correlation is reflecting a time-varying
slope of the Phillips curve that changed from being almost perfectly flat to almost perfectly
vertical in a matter of two years. A more plausible possibility however, is that the Phillips
correlation is reflecting the occurrence of shifters to aggregate supply, let thembe triggered
by changes in monetary policy, financial shocks, or changes in relative prices. We develop
a method for estimating the structural Phillips curve that is immune to these concerns.

9



Figure 2. Phillips correlation in India
Note: The x-axis is the transitory component of manufacturing output using the Hamilton (2018) index. The
y-axis corresponds for the y-o-y inflation rate for the WPI manufacturing index in India. The solid lines
connect the points for two subperiods.
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3. Model

This section describes the theoretical framework that guide our empirical investigation.
The main text provides a succinct description and we leave all details and proofs to Ap-
pendix A.

3.1. Environment

The economy is composed of five sectors. Households consume the final good, save, and
supply labor. A final good producer produces the final good using differentiated varieties
indexed by i ∈ [0, 1]. Producers of each differentiated variety i produce using labor and
materials and have sticky prices. Material producers use the final good as input and pro-
duce materials used by the differentiated varieties producers. A monetary authority sets
the nominal interest rate.

Households. Households choose consumption C and labor L to maximize discounted
future utilityE0

[∑+∞
t=0 β

tu(Ct,Lt)
]
subject to a per-period budget constraintPYt Ct+QtBt =

Bt–1 + wl
tLt + Tt where PYt is the price of the consumption bundle, Bt is holdings of one-

period risk-free nominal bonds with price Qt, wl
t is the wage, and Tt denotes any profits

rebated to households as lump-sum.

Final good producers. Let Yt denote aggregate production of the final good. Yt can be
used for consumption Ct or as an input to produce materials YX

t so that Yt = Ct + YX
t .

The final good Yt is produced by a perfectly competitive firm using a bundle of differ-
entiated intermediate inputs yit for i ∈ [0, 1]. Intermediate input varieties are assembled
into the final good using the Kimball aggregator:

∫ 1

0
Υ

(
yit
Yt

)
di = 1

where the function Υ(.) is strictly increasing, strictly concave, and satisfies Υ(1) = 1. The
CES aggregator is the special case Υ(q) = q

θ–1
θ for θ > 1.

Taking the prices pit of the inputs as given and denoting the price of the final good
PYt , the final good producer chooses yit to maximize profits. This gives rise to the demand
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function:

(1) yit
Yt

= Υ′–1
(
pit
Pt

)

where pit
Pt

determines substitution across varieties. The price index Pt is given by Pt =
PYt
Dt

.
PYt =

∫ 1
0 pit

yit
Yt
di is the ideal price index. Dt =

∫ 1
0 Υ

′(yitYt
)yitYt

di is a “demand” index. When
demand is CES,Dt is a constant equal to θ

θ–1 . Away from the CES case,Dt is not a constant
and is increasing in the dispersion of quantity shares.

The price elasticity of demand is only a function of firm relative size and is given by:

(2) θit = θ
(
yit
Yt

)
= –∂ log yit

∂ log pit
=

Υ′
(yit
Yt

)
– yitYt

Υ′′
(yit
Yt

)
Differentiated varieties producers. Each variety i is produced by a single firm. Firms
produce with the following technology:

(3) yit = ezivait with vit = lϕitx
1–ϕ
it

vit is a constant returns-to-scale composite of the variable inputs, labor lit and materials
xit. The unit cost of inputs are wl

t and wx
t , respectively. From the cost minimization prob-

lem, we obtain wv
t = (wl

t/ϕ)
ϕ(wx

t /(1 – ϕ))
1–ϕ the unit price of the composite variable in-

put. We introduce input price distortions as wedges in the tradition of Hsieh and Klenow
(2009). Each firm i pays wv

t (1 + τi) per unit of variable input. τi is a mean-zero steady-
state distortions in firm size. This gives rise to the following expression for marginal costs:

mcit = (1 + τi)wv
t
1
a e

– 1
a ziy

1–a
a

it .
A firm has a probability 1 – α of being able to reset its price in each period. A firm that

can reset its price chooses the price that maximizes:

max
pit

Et

[+∞∑
s=0

αsΛt,t+s
[
pityit+s – Cit+s(yit+s,wv

t+s)
]]

subject to the demand curve yit+s = Υ′–1
( pit
Pt+s

)
Yt+s and the cost functionCit+s(yit+s,wv

t+s) =

(1 + τi)wv
t+se

– 1
a ziy

1
a
it+s. Λt,t+s is the stochastic discount factor of the representative house-
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hold.
Itwill be convenient to define the following quantities.µfit =

θit
θit–1 is the desiredmarkup

that the firm would choose in a flexible price environment. Γit =
∂ logµfit
∂ log yit

Yt
is the elasticity

of the flexible price markup with respect to relative size. ρit = 1
1+Γitθit is the partial equi-

librium pass-through of a marginal cost shock into the firm’s price in a flexible price en-
vironment. In the CES case, all firms face the same demand elasticities, Γit = 0 ∀i, and
ρit = 1 ∀i. Away from the CES case, ρit can be below or above 1 depending on the sign
of Γit. Note that µfit, Γit, and ρit are only a function of a firm’s relative size yit

Yt
. Finally, in a

sticky price environment, the actual markup of the firm may differ from the flexible price
desired markup. We denote the actual markup of the firm: µit =

pit
mcit .

Materials producers. Materials are produced by a perfectly competitive representative
firm with the following production function: Xt = (YX

t )
η

1+η where YX
t are units of the

final good used for intermediate inputs production and η ≥ 0. This implies that the price
of the material good is given by: wx

t = PYt (1 + η
–1)Xη

–1

t .

Monetary authority. Monetary policy sets the nominal interest rate according to a Taylor
rule.

Equilibrium. Equilibrium is defined by the following conditions: (i) consumers choose
consumption and labor tomaximize utility taking prices andwage as given; (ii) firmswith
flexible prices set prices to maximize their value taking the price index and their residual
demand curves as given; firms with sticky prices meet demand at fixed prices; (iii) mon-
etary policy sets the nominal interest rate; (iv) all resource constraints are satisfied.

We solve the model by log-linearization around the zero-inflation steady state. The
steady-state distribution of firm size depends on joint distribution of (zi, τi). We take a
first-order expansion for small monetary policy shocks. Quantities without a t subscript
refer to the steady-state. We denote λi = piyi

PYY sales share in steady-state. Let Eλ[Xit] =∫ 1
0 λiXitdi.
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3.2. Characterization

Marginal cost-based Phillips curve. A firm that can reset its price at time twill choose:

(4) p̂newit|t = (1 – βα)Et

[+∞∑
s=0

(βα)s
(
ζiρim̂ct+s + (1 – ζiρi)P̂t+s

)]

where m̂ct ≡ Eλ[m̂cit] is the change in the aggregate nominal marginal cost and ζi =
1

1+1–a
a θiρi

. Aggregating across firms, we obtain the marginal cost-based Phillips curve:

(5) π̂t = φEλ[ζiρi](m̂ct – P̂Yt ) – φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1]

m̂ct – P̂Yt is the change in the aggregate real marginal cost. φ = (1–α)(1–βα)
α is the slope

of the marginal cost-based Phillips curve in the case of constant returns to scale and CES
demand. ρi is the flexible price partial equilibrium pass-through of marginal cost shocks
into prices and reflects strategic complementarities in price-setting. ζi captures the fact
that when returns to scale are below 1, a cost shock induces an adjustment in size, which
dampens the first-round effect on marginal cost. Together, Eλ[ζiρi] is the average flexible
price passthrough of an input cost shock into prices. A lower Eλ[ζiρi], reflecting stronger
(micro-level) real rigidities, flattens the Phillips curve.

D̂t is the change in the demand index. All else equal, a higher D̂t implies that indi-
vidual firms compete with a more aggressive price index, which works towards lowering
inflation.

Aggregate marginal costs. Let us define aggregate productivity Zt as satisfying

(6) Yt ≡ Zt(L
ϕ
t X

1–ϕ
t )a

From the market clearing conditions, we obtain the solution for aggregate marginal cost:

m̂ct =
[
1 – a+ψ

a + υ
(
1 – (1 – λc)

(1 +ψ)
a

)]
︸ ︷︷ ︸

Ω = Elasticity of mc wrt output

Ŷt –
[
ψ

a – υ(1 – λc)(1 +ψ)
]

︸ ︷︷ ︸
Ξ = Elasticity of mc wrt TFP

Ẑt + P̂Yt(7)
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ψ = ϕν–1+(1–ϕ)η–1+ν–1η–1
1+ν–1(1–ϕ)+ϕη–1 , where ν–1 = ullL

ul – uclL
uc is the inverse Frisch elasticity of labor

supply. ψ is the slope of the variable input supply curve, reflecting the slope of the la-
bor supply curve ν–1 and the slope of the materials supply curve η–1. λc is the steady-state
share of consumption in total output.υdepends on the chosen assumption on consumption-
labor complementarities in the utility function. Under GHH preferences, υ = 0. With sep-
arable preferences, υ > 0, and in the case with only labor in the production function,
υ = σ–1 where σ–1 = –uccCuc is the inverse elasticity of intertemporal substitution.

Output-based Phillips curve. Combining (5) and (7), we obtain the output-based New
Keynesian Phillips curve:

(8) π̂t = φEλ[ζiρi]
(
ΩŶt – ΞẐt

)
– φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1]

Allocative efficiency. Let us define the combined allocative distortion asmit ≡ µit(1+τi).
Let us define the aggregate steady-state distortion as:M ≡ aP

YY
wvV = Eλ[m–1

i ]–1. The change
in the demand index and aggregate productivity are characterized by:

D̂t = –Covλ
[

θi
Eλ[θi]

, p̂it
]

(9)

Ẑt = –Covλ

[
m–1
i

Eλ[m–1
i ]

, ŷit

]
(10)

In the simple case where there is no dispersion in input wedges, one can show that:

Ẑt = –MD̂t

The demand index captures misallocation stemming from heterogeneous demand elastic-
ities. When Covλ[θi, p̂it] > 0, the relative price of firms with initially low markups rises
relative to other firms, reallocating resources away from those firms and towards high
markup firms. This increases allocative efficiency. When all τi = 0, the only cause of al-
locative inefficiencies is the dispersion in markups due to imperfect competition. In the
more general case with non-constant input wedges τi, the change in allocative efficiency
depends on whether quantities are reallocated towards high or low combined distortion
firms.

15



Using the solution of the firm’s pricing problem, we obtain the law of motions for D̂t

and Ẑt in terms of model parameters and steady-state values:

D̂t = –
φκD

(
Ω Ŷt – ΞẐt

)
1 + β+φ(1 + κD)

+ D̂t–1 + βD̂t+1
1 + β+φ(1 + κD)

(11)

Ẑt =
φκZ

(
Ω Ŷt + D̂t

)
1 + β+φ(1 + ΞκZ)

+ Ẑt–1 + βẐt+1
1 + β+φ(1 + ΞκZ)

(12)

with κD = Eλ[ζiρi]
(

Eλ

[
θi

Eλ[θi]
ζiρi

Eλ[ζiρi]

]
– 1
)

κZ = Eλ[θiζiρi]
(

Eλ

[
m–1
i

Eλ[m–1
i ]

θiζiρi
Eλ[θiζiρi]

]
– Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

])

The parameters κD and κZ are the equivalent of the covariances in (9) and (10), noticing
that the changes in relative prices p̂it are proportional to the firm-level passthrough coeffi-
cients ζiρi, and the changes in relative quantities ŷit are proportional to the firm-level coef-
ficients θiζiρi. When ex-ante allocative distortions covary negatively with pass-throughs,
output booms Ŷt driven by monetary shocks are concomitant with improvements in ag-
gregate productivity.

A five-equations New Keynesian model. Additionally solving for the Euler equation
(see Appendix equation A.50), we obtain a five-equation version of the New Keynesian
model:

π̂t = φEλ[ζiρi]
(
ΩŶt – ΞẐt

)
– φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1](NKPC)

D̂t = –
φκD

(
Ω Ŷt – ΞẐt

)
1 + β+φ(1 + κD)

+ D̂t–1 + βD̂t+1
1 + β+φ(1 + κD)

(LOM for D)

Ẑt =
φκZ

(
Ω Ŷt + D̂t

)
1 + β+φ(1 + ΞκZ)

+ Ẑt–1 + βẐt+1
1 + β+φ(1 + ΞκZ)

(LOM for Z)

cŶt – c̃
(
Ŷt – Ẑt

)
= E

[
cŶt+1 – c̃

(
Ŷt+1 – Ẑt+1

)]
– σ
(̂
it – Et [π̂t+1]

)
(Euler equation)

ît = ϕππ̂t + ϕyŶt + εMP
t(MP rule)

Taking the model to the data. Our objective is to quantify the link between demand
expansions and inflation as described by equation (NKPC).We first estimate the elasticity
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of inflation with respect to the output gap, holding allocative efficiency constant; i.e., we
estimate the standard slope of the NKPC κY = φEλ[ζiρi]Ω. This analysis is performed in
Section 5. We then turn to the endogenous response of Dt and Zt. To do so, we estimate
the coefficients κZ and κD in Section 6.

4. Data

Our main data source is the Indian Annual Survey of Industries (ASI). We use data from
1998 to 2017. The ASI contains information on a representative sample of manufactur-
ing establishments, conditional on them taking part of the organized sector, and either
employing more than 20 employees, or employing more than 10 employees and using
electricity. In terms of coverage, the value added of establishments in ASI covers 61% of
total manufacturing value added in India as reported in the national accounts (the latter
includes small establishments that the ASI excludes and the informal sector).

The main advantage of the ASI is that both for the products that manufacturing plants
produce and the inputs they buy, we observe information on sales, quantities, and unit
values, at the product level. Most surveys of individual firms around the world report
information on revenues and expenditures, which on top of being a limiting factor to un-
derstand the factors that determine price-setting, create alternative issues on other pro-
cedures we undertake, like the estimation of production functions, markups, and input
wedges (Bond et al. 2021; Hashemi, Kirov, and Traina 2022). We construct a harmonized
classification of products and inputs over the whole sample, allowing us to classify all
products into around 1,200 product codes (approximately corresponding to the 5-digit
level of the India NPC classification).

We construct a panel of firm-product prices and quantities. We denote by ∆ log pijt
and ∆ log qijt the change in the price p and quantity of product j sold by firm i at time t.
Evenworkingwith narrowly-defined product categories, unobserved heterogeneity could
prevent a meaningful comparison of prices across firms. We always work with within
firm×product changes in the price (or quantity), largely alleviating this concern. Simi-
larly for inputs, we observe purchase value, unit price, and quantity purchased for mate-
rial inputs (classified in the same 1,200 products), energy inputs (electricity, oil, and coal),
and labor. We denote by ∆ logwikt and ∆ log xikt the log change in prices and quantities of
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input k used by firm i.
We aggregate changes in prices at the firm-level byusingTörnqvistweights. The change

in the price index of firm i is∆ log pit =
∑

j∈Ji s̄ijt∆pijt, where s denotes the weight of prod-
uct j in the portfolio of firm i, and we use the convention of placing a bar on top of the
share to denote that these shares are the mid-point of the shares in t – 1 and t. Similarly,
the change in the price of variable inputs of firm i is ∆ logwv

it =
∑

k∈Ki s̄ikt∆wikt.

Sample of analysis. We restrict the sample of analysis to plant-year observations which
reported a positive output, as well as at least one day worked by at least one person within
the plant. Moreover, we restrict the sample to observations that displayed consistent ac-
counting values, i.e. for which individual input and output components closely summed
to their reported aggregate values, and only include firms that report positive sales values
for at least one product. Finally, we construct a harmonized version of 3-digit industries in
the Indian National Industry Classification (NIC), splitting some highly populated sec-
tors into their 4-digit sub-sectors and aggregating other sectors. Our final sample is an
unbalanced panel of over 180,000 individual plants in 81 3-digit NIC sectors.

5. Estimation of the slope of the Phillips curve

In this section, we estimate the elasticity of inflation with respect to the output gap in the
Phillips curve (NKPC). That is, we estimate κY = φEλ[ζiρi]Ω, which we refer to as the
slope of the Phillips curve.

Notice that the slope of the Phillips curve is the product of three objects. These objects
are the aggregate flexible-price passthrough of cost shocks to prices Eλ[ζiρi], the elasticity
of marginal costs with respect to quantitiesΩ, and the adjustment factor that comes from
our price rigidity assumption under Calvo pricing φ. In what follows, it will be useful to
relabel the slope of the Phillips curve as the product of three terms as our research design
will provide information on these three pieces separately. Specifically,

(13) κY = 1
α
× (1 – α)(1 – βα)Eλ[ζiρi]×Ω

Equation (13) is reminiscent of the Galı and Gertler (1999) decomposition of the slope
of the Phillips curve into the slope of the marginal cost-based curve κmc and the output
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elasticity of marginal costs Ω. Our key innovation is in how we take this equation to the
data. First, we will directly measure each of the key elasticities from cross-sectional re-
search designs that are robust to the presence of unobserved shocks that drive spurious
correlation between prices, marginal costs, and quantities, as well as tomeasurement error
in marginal costs and quantities. Second, our research designs do not require us to take
a strong stance on the specific microfoundations that shape those elasticities as long as
those microfoundations end up producing a Phillips curve that is composed of the terms
in equation (13). Importantly, we do not need to take a stance on the structure of prefer-
ences that gives rise to a supply curve for inputs, or the specific shape of demand curves
that creates differences in pass-throughs. By contrast, the usual practice in the literature
is to calibrate some, or all of the elasticities by imposing more rigid functional forms on
preferences, input supply, and final products demand, and oftentimes using impulse re-
sponses to aggregate shocks, which increase the potential of mispecification in blocks of
the model different than the Phillips curve.

5.1. The elasticity of firm-level prices to firm-level cost shocks

First, the firm-level partial equilibriumpassthrough of cost shocks into prices identifies (1–
α)(1 – βα)Eλ[ζiρi]. To make this point, in Appendix B.1 we augment our baseline model
with firm-specific material cost shocks ϑit, which we can decompose into an aggregate
component ϑt and a mean-zero idiosyncratic component ϑ̃it. We show here the case of a
zero-persistence shock, and leave the derivations of the case of a persistent shock to the
Appendix.When a firm gets a chance to reset its price, the optimal reset price is now given
by:

(14) p̂newit|t = (1 – βα)Et

[+∞∑
s=0

(βα)s
(
ζiρi

(
m̂ct+s + (1 – ϕ)ϑ̃it+s

)
+ (1 – ζiρi)P̂t+s

)]
,

The Calvo assumption implies that the price charged by firm i in period t, is equal to the
its reset price whenever it gets a chance to reset its price, and equal to its last period’s price
whenever it does not. Formally, p̂it = 1

p
itp̂

new
it|t + (1 – 1pit)p̂it–1, where 1pit is a “Calvo-fairy”

dummy that takes the value of 1 if a price adjustment is permissible for firm i in period t.
By plugging equation (14) into the Calvo law ofmotion of individual prices we just stated,
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we derive an expression for the price change of firm i in period t,

p̂it–p̂it–1 = 1
p
it(1–βα)ζiρi(1–ϕ)ϑ̃it+1

p
it(1–βα)Et

[+∞∑
s=0

(βα)s
(
ζiρim̂ct+s + (1 – ζiρi)P̂t+s

)]
–1pitp̂it–1.

Let us assume that we observe Zϑit, a proxy for (1 – ϕ)ϑit satisfying (1 – ϕ)ϑit = kϑZϑit.
Our first identification result of this section, proven in Appendix B.2, is that a regression
of ∆ log pit on ∆ logwv

it instrumented by the exogenous zero-persistence cost shifter Zϑit,
yields in population an IV estimate equal to:

βIVp,w = (1 – α)(1 – βα)Eλ [ρiζi](15)

This elasticity corresponds to the second term in equation (13).
Intuitively, equation (15) states that after an exogenous change in input costs of 1%,

firms change their price with an elasticity equal to ρi, which triggers changes in quantities,
and due to potentially upward-slopingmarginal cost curves, triggers endogenous changes
inmarginal costs. The strength of the fixed point between prices andmarginal cost changes
is captured by ζi. These two economic mechanisms would be the end of the story if firms
were fully able to adjust their prices, but the presence of price rigidity implies that only a
fraction 1–α of firms is able to reset their prices, and when they do, they take into account
that with some probability they will not be able to reset their prices in the future, giving
rise to the full term in the equation.

Empirical strategy. The argument derived in the model lends itself to a research design
in a panel of firms. Specifically, we estimate the following regression

(16) ∆ log pijt = Θjt + βp,w∆ logwv
it + ϵijt,

where∆ log pijt is the change in the price charged by firm i for a given product j,Θjt is a set
of product×time, fixed effects meant to soak variation driven by product-specific shocks,
and ∆ logwv

it are our estimates of the change in firm-level input price index, where we
consider all variable inputs: labor and material inputs (including energy).

The main concern of estimating equation (16), is that it is very natural to think that
firms experience demand shocks for their products and that firms face upward-sloping
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supply curves for some or all of their inputs. If that is the case, then a demand shock
will induce a positive correlation between prices and input costs, but for an economic
mechanism that is distinct to the pass-through of cost shocks we are aiming to estimate.
A second empirical concern is that our estimates of pass-through may be attenuated due
to measurement error in input costs.

We address this empirical concern by using an instrumental variable approach. For a
set of materials and energy inputs (coal, oil, and electricity) that we call K, we construct
the instrument

Zϑit =
∑
k∈K

sikt–1∆ logwikt,(17)

wherewikt is the price of input k paid by firm i in period t, and sikt–1 is the pre-determined
share of input k used by firm i. Note that the instrument uses lagged weights (as opposed
to mid-point weights in the construction of the input price index) and excludes labor,
which is the input where it is most likely that firm-specific supply curves play a role. This
instrument is the same as the one used byAmiti, Itskhoki, and Konings (2019), except that
they only observe input prices for imported inputs. Our identifying assumption is that
conditional on controls, firms with a large share of inputs that experience price increases
do not experience differential demand shocks.

Results. Table 1 presents our results. Columns 1-3 present OLS estimates, while columns
4-6 present our IV estimations. Our benchmark IV elasticity is equal to 0.22, and remains
stablewhenwe control for lagged sales. It isworth noting that our IV estimates are roughly
double than ourOLS elasticities, suggesting an important role of the instrument in correct-
ing for measurement error in our measure of input costs. The inclusion of product×time
fixed effect is crucial to control for the effect of competitor prices in the pricing decisions of
firm i, as well for the presence of product demand and supply shocks. In Appendix B.2 we
present an extension of our identification argument in which we allow for persistence of
cost disruption according to an AR(1) process. We show that estimating a local projection
analog to regression (16) allows us to recover the persistence parameter, which is equal to
0.75.

In the limit of perfect flexible price pass-through (ρi = 1 for all i) and constant returns
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Table 1. Elasticity of price changes to input cost changes

∆ ln p

OLS IV

(1) (2) (3) (4) (5) (6)

∆ ln w 0.139∗∗∗ 0.111∗∗∗ 0.111∗∗∗ 0.291∗∗∗ 0.223∗∗∗ 0.222∗∗∗
(0.008) (0.008) (0.008) (0.019) (0.017) (0.017)

Year FE ✓ ✓
Year × Product FE ✓ ✓ ✓ ✓
Controls ✓ ✓
Observations 356,162 353,568 353,568 355,530 352,934 352,934
F-stat 5195.8 5272.9 5280.9

Note: This table presents the estimation results behind equation 16. The first three columns present OLS
regressions, while the final three columns present IV estimates. Different columns include different sets of
fixed effects or controls. Our benchmark specification is that of column (6).

to scale (ζi = 1 for all i), ourmodel predicts thatβIVp,w = (1–α)(1–βα), which is a function
of how forward-looking firms are and the share of prices that cannot be adjusted for a year
since our data is annual. Notice that at the annual frequency that term tends to one as α
tends to zero. So our statistic rejects the limit of a standard New Keynesian model with
constant returns to scale and full flexible-price pass-throughs unless prices are very rigid
at an annual frequency, a possibility that we will reject in the following subsection.

In the online Appendix, we include a battery of robustness exercises and extensions.
In particular, we include additional fixed effects controlling for geographical shocks, ex-
cluding firm-product pairs that experience shocks larger than a threshold, using different
weighting approaches, and aggregating our data at the firm level as opposed to the firm
× product level. The results are all consistent.

5.2. The frequency of price changes

We estimate the frequency of price changes from the price data directly. We follow stan-
dard practice to measure the frequency of price changes and measure an average fre-
quency of price changes at the annual frequency of 0.91, consistent with a frequency of
price changes of 0.45 per quarter, or 0.18 per month. These numbers directly map into a
coefficient α of 0.55 at the quarterly frequency, or 0.09 at the annual frequency, and are
similar to estimates in the literature for Mexico (Gagnon 2009), United States (Nakamura
et al. 2018), and Argentina (Alvarez et al. 2019), when those economies faced inflation
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rates similar to those of India. Notice that estimates for α directly map into the first term
of equation (13).

Figure 3 shows the time-series of our measure of price rigidity. On top of marking
the average frequency of price changes in a dotted line, the figure validates our measure
by showing that the frequency comoves with the official Wholesale Price Index (WPI)
inflation rate in India. This is true despite the two series coming from entirely different
sources (the WPI is not based on micro-data from the ASI but on an independent data
collection). For simplicity our model abstracts from movements in the frequency of price
changes, sowe use that variation as a validation of our approach to construct the frequency
of price changes, and will use its average value throughout.

Figure 3. Frequency of price changes and the inflation rate in India

Note: This figure illustrate the time series behavior of the frequency of price changes along with the behavior
of the wholesale price index (WPI) inflation in India.

5.3. The elasticity of marginal costs to output changes

As we shown in Section 3, firm marginal costs are given (in log-deviations) by:

m̂cit =
1 – a
a ŷit +

(
m̂ct –

1 – a
a Ŷt

)
(18)

Equation (18) suggests a research design for estimating 1–a
a by using a regression of

the log marginal costs on the log of quantities. This same equation also suggests what is
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the main identification concern. Firm-level supply shifters that are correlated with firm-
level quantities will induce a correlation between marginal costs and quantities that are
not informative about the slope of the marginal supply curve.

To address this identification concern we leverage the fact that firms in our sample are
multiproduct firms with heterogeneous exposure to their product portfolio. As a result,
changes in the demand for specific products will induce firm-level demand shocks as a
function of their pre-existing product shares.

Formally, we create a firm-level demand shifter of the following form:

Zξit =
∑
j

sijt–1∆ logQjt,(19)

where Qjt is our measure of product-level quantities, and sijt–1 is the one-lag share of pro-
duction of product j in the portfolio of products of firm i. Our identifying assumption is
that firms that are differentially exposed to more demand-sensitive products are not dif-
ferentially exposed to firm-level supply shocks.

Our measure of demand shifters can be easily incorporated in our theoretical frame-
work by extending our demand curves to allow for idiosyncratic demand shifters, as shown
in Appendix B.1.

We implement this regression in the data in the followingway.We estimate regressions
of log changes in marginal costs on log changes in quantities sold at the firm level after
controlling for industry× time fixed effects in order to control for unobserved supply and
demand industry shocks and estimate the elasticity by comparing the behavior of firms in
the same industry that have differential loadings across products. Formally, we estimate
the regression equation

∆ logmcit = Φs(i),t + βmc,q∆ log qit + ϵi,t,(20)

and instrument ∆ log qit using Zξit. Φs(i),t is a set of industry×time fixed effects.
Table 2 presents our estimates. Our benchmark estimate of 0.2 implies that when quan-

tities increase by 1%, marginal costs increase by 0.2%. Since this coefficient maps to the
structural object 1–a

a , then our results imply a short-run firm-level returns to scale param-
eter a = 0.84. Our inference for a is very stable regardless ofwhetherwe use as a dependent
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variable a measure of changes in marginal or total costs (column 2 versus column 1). We
obtain slightly lower returns to scale when we exclude labor from our cost variables (col-
umn 3 versus column 1), consistent with theory. The F-statistic for the first stage is large
and stable across specifications.

Table 2. The partial equilibrium elasticity of marginal costs to changes in quantities

Baseline Excl. labor

∆ ln mc ∆ ln C ∆ ln mc ∆ ln C

∆ log q 0.184∗∗∗ 1.106∗∗∗ 0.253∗∗∗ 1.192∗∗∗
(0.062) (0.062) (0.066) (0.067)

Year × Ind. FE ✓ ✓ ✓ ✓
N 258,238 258,238 258,237 258,237
F-Stat 247.18 247.18 247.18 247.18
Returns to scale 0.84 0.90 0.80 0.84

Note: This table presents our estimates to equation 20. The first two columns show results including labor
when the dependent variable is our measure of marginal costs in column 1, or changes in total costs in
column 2. Columns 3 and 4 are analogous when we exclude labor from our cost variables. The last row in
the Table presents our estimates for the returns to scale parameter a.

It is important to note that our estimate β̂mc,q is a partial equilibrium short-run sup-
ply elasticity that keeps constant prices and quantities at higher levels of aggregation. In
particular, as we derived in Section 3, our model implies thatΩ, the short-run elasticity of
aggregate marginal costs to aggregate quantity, is given by

Ω =
(
γ+ ψ+ 1 – a

a

)
,(21)

which makes clear that the reaction of input prices, crucially the real wage, to higher de-
mand for inputs will induce a higher elasticity of marginal costs to quantities in general
equilibrium than in partial equilibrium. Under the assumption that the equilibrium price
adjustment takes place either at the industry or the regional level, we can replicate our
research design at a higher level of aggregation.

That we can estimate Ω directly in our data, independent of the specification of other
sub-blocks of our model is one of the main advantages of our research design, and is
an improvement over variants of the standard approach of inferring Ω from a moment-
matching exercise inwhich an econometrician infers the value of the structural parameters
that pin down Ω by minimizing the distance of the impulse response functions to an ag-
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Table 3. General equilibrium elasticity of marginal costs to changes in quantities

District Industry

∆ ln mc ∆ ln C ∆ ln mc ∆ ln C

∆ ln q 0.583∗∗∗ 1.487∗∗∗ 0.703∗∗ 1.704∗∗∗
(0.144) (0.140) (0.310) (0.311)

Year FE ✓ ✓ ✓ ✓
F Stat 103.08 103.08 26.83 26.83
N 7,707 7,707 1,211 1,211

Note: This table presents our estimates to equation 20, when aggregated to the industry or regional level.
The first two columns show results when we aggregate firms at the district level, and the final two columns
present the results when we aggregate the data at the industry level instead. Estimates in columns two and
four use as a dependent variable the change in total costs as opposed to changes in our measure of marginal
costs.

gregate shock, usually a monetary policy shock, in the data and those implied by a model.
Notably, that approach is subject to criticisms ofmispecification in every block of the struc-
tural model that influences the whole shape of an impulse response function. By inferring
Ω from the data, our approach is less subject to these concerns.

Estimates in Table 3 imply that after an increase in 1% in quantities, marginal costs
increase from 0.6% to 0.7% depending on the source of variation, directly mapping to
our estimate of Ω, the middle term in equation (13). If a component of the elasticity of
marginal costs to quantities is only operative at the national level, then our estimate will
omit this component.

5.4. Estimates of the slope of the Phillips curve and comparison to the literature

Now that we have estimated 1/α, (1 – α)(1 – βα)Eλ[ζiρi], and Ω, we can assemble our
estimate for κY, the elasticity of inflation with respect to changes in aggregate quantities.

The Phillips curve in India is steeper than in developed countries. Our estimate for
κY is equal to 0.066 at the quarterly frequency, which is one order of magnitude larger
than the estimation from Hazell et al. (2022), and six times larger than the estimates for
the same object from Gagliardone et al. (2023). To understand that difference it is useful
to decompose κY in two components. First, the elasticity of marginal costs into inflation
κmc = (1–α)(1–βα)

α Eλ[ζiρi], and second, the elasticity of marginal costs to quantitiesΩ.
The elasticity of inflation to marginal costs κmc is determined by two distinct economic

forces. The first one is the presence of price rigidity, and the second is the extent of micro-
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level real rigidities induced by both imperfect pass-through anddecreasing returns to scale
in production. Our estimates imply κmc = 0.095, which is almost twice as large as that doc-
umented by Gagliardone et al. (2023). This difference can be fully rationalized by differ-
ences in the frequency of price change: if India had the same frequency of price change as
developed economies, the slope of themarginal cost based Phillips curvewould be similar
to that in Gagliardone et al. (2023).

Most of the difference comes from the substantially higher quantity elasticity ofmarginal
costs in IndiaΩ. Our estimates of roughly 0.7 are three times larger than the estimates by
Boehm and Pandalai-Nayar (2022) and Gagliardone et al. (2023), and almost four times
larger than those in Shea (1993).

6. Allocative efficiency

We turn to the estimation of the sensitivity of the shiftersDt and Zt with respects to aggre-
gate demand shocks, whichwe named κD and κZ, respectively in equations (11), repeated
below for convenience:

κD = Eλ[ζiρi]
(

Eλ

[
θi

Eλ[θi]
ζiρi

Eλ[ζiρi]

]
– 1
)

(22)

κZ = Eλ[θiζiρi]
(

Eλ

[
m–1
i

Eλ[m–1
i ]

θiζiρi
Eλ[θiζiρi]

]
– Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

])
(23)

Identification of κD. We estimate (22) as follows. Following the results on the identifica-
tion of the slope of the Phillips curve, Eλ[ζiρi] is obtained from the regression of ∆ log pit
on ∆ logwv

it, instrumented by Zϑit, and corrected for the factor (1 – α)(1 – βα):

Eλ[ζiρi] =
βIVp,w

(1 – α)(1 – βα).(24)

Note that estimating Eλ[ζiρi] requires more structure than our previous exercises, since
we must take a stance on the extent of forward-looking behavior on the part of firms β, on
top on our already imposed structure on the technology of price changes.

Looking at Eλ
[

θi
Eλ[θi]

ζiρi
Eλ[ζiρi]

]
, it is the expectation of the product of the relative price

passthrough ζiρi
Eλ[ζiρi]

and the relative demand elasticity θi
Eλ[θi]

. We use the law of iterated
expectations and estimate the price passthrough regression by bins of steady-state relative
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demand elasticity.
To obtain demand elasticities, we estimate markups and use the assumption that on

average over the whole sample, markups will be equal to desired flexible price markups,
whichwe can invert to obtain demand elasticities.We estimatemarkups using the produc-
tion approach, with materials as the flexible input. We rely on the elasticity of marginal
costs with respect to quantities estimated above, which identifies the output elasticity of
materials, so that our estimation does not suffer from the concern raised by Bond et al.
(2021). Our estimation requires that any input wedge on materials is priced. We believe
this assumption to be plausible; in particular, Singer (2019) documents that a large frac-
tion of material inputs misallocation in India can be attributed to transportation costs that
are reflected in prices recorded in the ASI. We describe the procedure in full details in
Appendix B.3. Figure B.1 summarizes the markups and demand elasticities estimated in
this way. We find that demand elasticities are decreasing in firm size, consistent with a
positive superelasticity of demand.

Identification of κZ. Eλ[θiζiρi] is obtained from the regression of ∆ log yit on ∆ logwv
it,

instrumented byZϑit, and corrected for the factor (1–α)(1–βα). Since an initially exogenous
marginal cost shock creates a price adjustment of ζiρi, where in general ζi ̸= 1 under
decreasing returns to scale, then this marginal cost adjustment will trigger a θiζiρi change
in relative quantities as consumers substitutemore expensive varieties along their demand
curves. Therefore, the term Eλ[θiζiρi] is just the sales-weighted average quantity pass-
through of a marginal cost shock (divided by (1 – α)(1 – βα)).

The research design to estimate this expectation is the same than for estimating price
pass-throughs, and only requires substituting the outcome variable for a change in quan-
tities. Formally, using the shape of the demand curves and the equation for reset prices,
we find an equation for the change in quantities after an idiosyncratic cost shock. Then, a
regression of ∆yit on ∆wv

it instrumented by the exogenous cost shifter ϑit, yields in popu-
lation an IV estimate equal to:

βIVq,w = (1 – α)(1 – βα)Eλ [θiρiζi] ,(25)

Eλ

[
m–1
i

Eλ[m–1
i ]

θiζiρi
Eλ[θiζiρi]

]
is the expectation of the product of the relative quantity passthrough
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θiζiρi
Eλ[θiζiρi]

and the relative combined distortion m–1
i

Eλ[m–1
i ] . We use the law of iterated expec-

tations and estimate the quantity passthrough regression by bins of steady-state relative
distortion.

This requires that we identify firm-level combined distortions m–1
i . We show that m–1

i
is proportional to revenue productivity (TFPR). This is the same result as in Hsieh and
Klenow (2009) where TFPR captures both input and output wedges. TFPR can be readily
estimated in the data by combining estimates of themarginal revenue products of different
inputs, which with the Cobb-Douglas assumption are just equal to revenues divided by
input quantity.We describe the procedure in full details inAppendix B.3. Figure B.2 shows
the obtainedmarginal revenue products for labor, capital, intermediates, and the resulting
TFPR, by deciles of firm market shares.

Finally, Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

]
can be readily estimated from our estimates of distortions

and demand elasticities.

Results. Wefind that κD = .00035. κD > 0 reflects the fact that firmswith larger demand
elasticities tend to have a larger price passthrough ρiζi: firms in the fourth quartile of θi
(the smallest firms) have a passthrough roughly 1.5 larger compared to firms in the first
quartile of θi (the largest firms). Lower passthrough for larger firms is consistent with the
existing evidence in Amiti, Itskhoki, and Konings (2019).

Regarding Zt, we find that κZ = –.02791. The key reason is that the inverse distortion
m–1
i

Eλ[m–1
i ] is positively correlated with demand elasticities θi

Eλ[θi]
. κZ < 0 imply that demand

shocks endogenously reallocate quantities towards less distorted firms, reducing alloca-
tive efficiency.

7. Monetary non-neutrality in a large developing country

In this section we illustrate the implications of our estimates for the slope of the Phillips
curve and our estimated allocative efficiency effects for the behavior of aggregate inflation,
and the sensitivity of output to monetary policy interventions.

Fit of the Aggregate Phillips Curve. In our first exercise we use the aggregate measure
for the output gap in themanufacturing sector in India that we introduced in section 4 and
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underlies Figure C.1, and our estimate for κY to check the time series fit of manufacturing
inflation to the realized values of output in the data. The objective of the exercise is to
provide an estimate of the importance of local quantity fluctuations in driving inflation
holding constant both the effects of exogenous inflation shifters, as well as the endogenous
allocative efficiency shifters induced by changes in aggregate demand.

Formally, we fit the following relation

πt = κYω̂ỹt,(26)

where
∑5

j=0 β
jỹt+j = a0 + ωỹt + et. This approach is the same advocated by Hazell

et al. (2022), in which they iterate the Phillips curve and estimate the elasticity of inflation
with respect to the present value of future expected output gaps.1

Figure 4. Fit of the Aggregate Phillips Curve
Note: This Figure takes the measure of the output gap we introduced in Section 2, and fits the Phillips curve
as explained in equation 26 in the main text.

The main result behind Figure 4 is that the volatility of the output gap, plus our esti-
mated slope of the Phillips curve, do a great job in explaining the dynamics of inflation in
India during the period we analyze. This result is not guaranteed by construction. We do
not use the official WPI quantity or price indexes in our estimate of κY directly.

Conceptually, Figure 4 shows that local changes in quantities are an important driver
of local prices, which is different from suggestions that inflation in developing countries

1For simplicity, this exercise assumes that the variation in the transitory component of output corre-
sponds to the output gap, and not to transitory changes in the natural rate of output.
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is driven exclusively by cost shocks generated in the rest of the world driving inflation in
local economies. The two periods for which the fit of the Phillips curve is not good are
the two periods we highlighted in figure C.1, in which changes in long-run expectations
and time-varying cost shocks affected the dynamics of inflation. In contexts like those, it
is natural to expect an imperfect fit.

Impulse response functions implied by our estimates. Our next exercise takes the five-
equations New Keynesian model we presented in 3, and simulate the effects of an innova-
tion to the monetary policy shock εMP

t .
We allow for monetary policy shocks to be persistent. Specifically, we allow for mon-

etary disturbances to follow and AR(1) process with persistence of 0.7 at the quarterly
frequency to match the persistence of the quantitative exercises of Baqaee, Farhi, and San-
gani (2024).

Our calibration of the model is standard. Given our estimates for α, we infer the value
for φ after making an assumption about the discount factor to target a 4% annual interest
rate in the flexible price steady state. We calibrate σ = 3, and then use the expressions
and estimated values for Ω under separable preferences to back out a value for ψ. The
decreasing returns to scale parameter a, as well as for κZ and κD, follow our estimation in
the main text. Our assumption of separable preferences implies that ιcl = 0. We assume
standard values for the monetary policy rule of ϕπ = 1.5, and ϕy = 0.5.

The purpose of this exercise is to evaluate the effects of the endogenous shifters due to
allocative efficiency D and Z on inflation and output, as well as an empirical assessment
of the importance of our measure for κY and its components in driving inflation dynamics
in India compared to a developed economy.

Figure 5 shows two series, one for our benchmark calibration, and another in which
both κZ and κD are set to zero, effectively shutting down the allocative efficiency effects in
the model. That you only see one series for the output and inflation IRFs means that the
allocative effects on inflation and output in our benchmark calibration are too small to be
detected. These effects are the results of the small κZ and κD we estimate.

That the allocative effects we estimate are small means that the assumption in which
shifts of the aggregate demand curve trace, as opposed to trace and shift, the aggregate
supply curve in India is not a bad assumption.
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Figure 5. Impulse Response Functions after a Monetary Policy Shock
Note: This Figure presents the Impulse Response Function (IRF) in the five-equation NewKeynesian model.
Refer to the main text for details on the parameterization of the model.

Next, we illustrate the quantitative magnitude on the effects on inflation and output
of the difference in the slope of the Phillips curve we estimate versus two leading studies
on the slope of the Phillips curve in developed nations, Hazell et al. (2022) for the United
States, and Gagliardone et al. (2023) for Belgium.

The main result of Figure 6 is that the extent of monetary non-neutrality of the shocks
we consider in India are roughly have of those in developed nations, highlighting the im-
portance of the differences in slopes we estimate. The flip side of reduced monetary non-
neutrality is an increase in the elasticity of inflation with respect to a monetary policy
shock. Our model predicts that inflation in India reacts substantially by more to a change
in nominal interest rates than in developing nations.
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Figure 6. Impulse Response Functions after a Monetary Policy Shock
Note: This Figure presents the Impulse Response Function (IRF) in the five-equation NewKeynesian model,
and in three equation New Keynesian models calibrated to the slopes estimated in the United States and
Belgium.

8. Conclusion

We have presented a method to estimate the inflationary effects of an aggregate demand
expansion in a distorted economy. Our method is free of indirect inference blocks that use
information from the shape of the aggregate demand curve or the monetary policy rule,
and does not require to take a strong stance on the particular microfoundations that give
rise to residual demand curves, or the structure of the markets for inputs as long as those
microfoundations respect a decomposition of the slope of the Phillips curve into threemul-
tiplicative factors: the elasticity of prices to marginal costs, the elasticity of marginal costs
to changes in quantities, and the frequency of price changes. In distorted economies, ag-
gregate demand expansions have the potential to reallocate production across firms with
different markups and across firms with different input wedges. As a result, the covari-
ance of demand elasticities with firm sizes are not sufficient statistics to characterize the
allocative efficiency of demand expansions. Instead, the relevant covariances are those of
firm-level pass-throughs with respect to firm TFPRs.

We apply to our methodology to India, an economy with vast dispersion in input
wedges, and find that the slope of the Phillips curve holding constant the allocation of
resources is one order of magnitude larger than in developed countries such as Belgium
or the United States. Around 75% of the variation in slopes across these countries is driven
by differences in the elasticity of marginal costs with respect to quantities. The remaining
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25% is driven by variation in the frequency of price changes across countries. The extent
of micro real rigidities is remarkably similar across countries.
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Appendix for online publication

Appendix A. Model derivations

A.1. Environment

Households. Households choose consumption C and labor L to maximize discounted
future utility E0

∑+∞
t=0 β

tu(Ct,Lt) subject to a per-period budget constraint PYt Ct+QtBt =
Bt–1 + wtLt + Tt where PYt is the price of the consumption bundle, Bt is holdings of one-
period risk-free nominal bonds with price Qt, wt is the wage, and Tt denotes any profits
rebated to households as lump-sum. From the households’ optimization problem we ob-
tain the Euler equation:

(A.1) 1
1 + it

= βEt[
uc(Ct+1,Lt+1)

uc(Ct,Lt)
PYt
PYt+1

]

and the labor supply function:

ul(Ct,Lt)
uc(Ct,Lt)

=
wl
t

PYt
(A.2)

Final good producers. Let Yt denote aggregate production of the final good. This can be
used for consumption Ct or as an input to produce materials YX

t so that Yt = Ct + YX
t .

The final good Yt is produced by perfectly competitive firms using a bundle of differ-
entiated intermediate inputs yit for i ∈ [0, 1]. Intermediate input varieties are assembled
into the final good using the Kimball aggregator:

∫ 1

0
Υ

(
yit
Yt

)
di = 1

where the function Υ(.) is strictly increasing, strictly concave, and satisfies Υ(1) = 1. The
CES aggregator is the special case Υ(q) = q

θ–1
θ for θ > 1.

Taking the prices pit of the inputs as given and denoting the price of the final good
PYt , final good producers choose yit to maximize profits. This gives rise to the demand
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function:

(A.3) yit
Yt

= Υ′–1
(
pit
Pt

)

where pit
Pt

determines substitution across varieties. The price index Pt is given by Pt =
PYt
Dt

.
PYt =

∫ 1
0 pit

yit
Yt
di is the ideal price index. Dt =

∫ 1
0 Υ

′(yitYt
)yitYt

di is a “demand” index. When
demand is CES,Dt is a constant equal to θ

θ–1 . Away from the CES case,Dt is not a constant
and is increasing in the dispersion of quantity shares.

The price elasticity of demand is only a function of firm relative size and is given by:

(A.4) θit = θ(
yit
Yt

) = –∂ log yit
∂ log pit

=
Υ′
(yit
Yt

)
– yitYt

Υ′′
(yit
Yt

)
Differentiated varieties producers. Each variety i is produced by a single firm. Firms
produce with the following technology:

(A.5) yit = ezitvait with vit = lϕitx
1–ϕ
it

vit is a constant returns-to-scale composite of the variable inputs, labor lit and materials
xit. The unit cost of inputs are wl

t and wx
t , respectively.

We first consider the firm’s cost-minimization problem, taking output and input prices
as given.

(A.6) min
lit,xit

(1 + τi)[wx
t xit + wl

tlit] subject to ezit(lϕitx
1–ϕ
it )a ≥ ȳ

We obtain that for any vit, the choice of labor and material will be given by:

lit =
(
wx
t

wl
t

ϕ

1 – ϕ

)1–ϕ
vit(A.7)

xit =
(
wx
t

wl
t

ϕ

1 – ϕ

)–ϕ
vit(A.8)
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This defines a price index for variable inputs:

(A.9) wv
it = (wl

t/ϕ)
ϕ(wx

t /(1 – ϕ))
1–ϕ

The cost function writes:

(A.10) Cit(yit,wv
it) = (1 + τi)wv

it
( yit
ezit
)1

a

The marginal cost for firm i writes:

(A.11) mcit = (1 + τi)wv
it
1
a e

– 1
a zity

1–a
a

it

A firm has a probability 1 – α of being able to reset its price in each period. A firm that
can reset its price maximizes choses the price that maximizes:

max
pit

Et

[+∞∑
s=0

αsΛt,t+s
[
pityit+s – Cit+s(yit+s,wv

it+s)
]]

subject to the demand curve yit+s = Υ′–1
( pit
Pt+s

)
Yt+s and the cost functionCit+s(yit+s,wv

t+s) =

(1 + τi)wv
t+se

– 1
a ziy

1
a
it+s. Λt,t+s is the stochastic discount factor.

Itwill be convenient to define the following quantities.µfit =
θit
θit–1 is the desiredmarkup

that the firm would choose in a flexible price environment. Γit =
∂ logµfit
∂ log yit

Yt
is the elasticity of

the flexible price markup with respect to relative size. ρit is the partial equilibrium pass-
through of a marginal cost shock into the firm’s price.

d log pit = d logµfit + d logmcit = Γit d log
yit
Yt

+ d logmcit = –Γitθit (d log pit – d logPt) + d logmcit

d log pit =
1

1 + Γitθit
d logmcit +

Γitθit
1 + Γitθit

d logPt

Therefore, ρit ≡
∂ log pit
∂ logmcit =

1
1+Γitθit . In the CES case, all firms face the same demand elas-

ticities, Γit = 0 ∀i, and ρit = 1 ∀i. Away from the CES case, ρit can be below or above 1
depending on the sign of Γit.

Note that µfit, Γit, and ρit are only a function of a firm’s relative size yit
Yt
.

Finally, in a sticky price environment, the actual markup of the firm may differ from
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the flexible price desired markup. We denote the actual markup of the firm: µit =
pit
mcit .

Materials producers. Materials are produced by a perfectly competitive representative
firmwith the following production function:Xt = (YX

t )
η

1+η whereYX
t are units of the final

good used for intermediate inputs production and η > 0. Solving

(A.12) max
Xt

wx
tXt – PYt (Xt)1+η

–1

implies that the price of the material good is given by: wx
t = PYt (1 + η

–1)Xη
–1

t .

Monetary authority. Monetary policy sets the nominal interest rate according to a Taylor
rule.

Equilibrium. Equilibrium is defined by the following conditions: (i) Consumers choose
consumption and labor to maximize utility taking prices and wage as given; (ii) Firms
with flexible prices set prices to maximize their value taking the price index and their
residual demand curves as given; firms with sticky prices meet demand at fixed prices ;
(iii) Monetary policy sets the nominal interest rate; (iv) All resource constraints are satis-
fied.

We solve the model by log-linearization around the zero-inflation steady state. The
steady-state distribution of firm size depends on joint distribution of (zi, τi). We take a
first-order expansion for small monetary policy shock. Quantities without a t subscript
refer to the steady-state.

We denote λi =
piyi
PYY sales share in steady-state. Let Eλ[Xit] =

∫ 1
0 λiXitdi.

A.2. Characterization

It is useful to the following expressions. First, linearizing the definition of the Kimball
aggregator:

(A.13) 0 = Eλ[
ŷit
Yt

] ⇔ Ŷt = Eλ[ŷit]
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Second, linearizing the price index:

P̂Yt = Eλ[p̂it](A.14)

Third, linearizing Pt:

(A.15) P̂t = P̂Yt – D̂t

Fourth, linearizing the demand index:

(A.16) D̂t = –Eλ[(θi – 1)(p̂it – P̂t)] = –Covλ[θi, p̂it]
Eλ[θi]

Finally, we can write:

(A.17) P̂t =
Eλ[θip̂it]
Eλ[θi]

Marginal cost-based Phillips curve. A firm that can reset its price at time twill choose:

(A.18) p̂newit|t = (1 – βα)Et

[+∞∑
s=0

(βα)s(µ̂fit+s|t + m̂cit+s|t)
]

µ̂
f
it+s|t is the optimal markup at t + s of a firm that could last reset its price at t. It is given

by:

µ̂
f
it+s|t = –Γiθi(p̂newit|t – P̂t+s)(A.19)

Let m̂ct ≡ Eλ[m̂cit] the change in the aggregate nominal marginal cost. We can write:

m̂cit+s|t – m̂ct+s = –1 – a
a θi(p̂newit|t – P̂t+s)(A.20)

We obtain:

(A.21) p̂newit|t = (1 – βα)Et

[+∞∑
s=0

(βα)s
(
ζiρim̂ct+s + (1 – ζiρi)P̂t+s

)]
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where ρi is the flexible price partial equilibrium pass-through of marginal cost shocks into
prices and ζi = 1

1+1–a
a θiρi

. ζi captures the fact that when returns to scale are below 1, a cost
shock induces an adjustment in size, which dampens the first-round effect on marginal
cost. ζiρi combines these two terms and captures the flexible price passthrough of an input
cost shock into prices.

We can write this equation recursively as:

(A.22) p̂newit|t = (1 – βα)
(
ζiρim̂ct + (1 – ζiρi)P̂t

)
+ βαEt[p̂newit+1|t+1]

Inflation dynamics. The change in the price of the final good is given by:

(A.23) P̂Yt = Eλ[p̂it]

Let 1pit be a dummy equal to 1 if firm i can reset their price at t.

(A.24) p̂it = (1 – 1pit) p̂it–1 + 1
p
it p̂

new
it|t

Therefore,

(A.25) P̂Yt = E[(1 – 1pit)λip̂it–1] + E[1pitλip̂
new
it|t ]

The Calvo fairy is orthogonal to the firm’s steady state sales share so that

(A.26) P̂Yt = αP̂Yt–1 + (1 – α)Eλ[p̂newit|t ]

By definition,

(A.27) π̂t = P̂Yt – P̂Yt–1

(A.28) P̂t = P̂Yt – D̂t

Aggregating across firms, we obtain the marginal cost-based Phillips curve:

(A.29) π̂t = φEλ[ζiρi](m̂ct – P̂Yt ) – φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1]
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m̂ct – P̂Yt is the change in the aggregate real marginal cost. D̂t is the change in the demand
index.φ = (1–α)(1–βα)

α is the slope of the marginal cost-based Phillips curve in the case of
constant returns to scale and CES demand. Eλ[ζiρi] reflects micro-level real rigidities due
to decreasing returns to scale ζi and strategic complementarities ρi.

Aggregate marginal costs. Let us define aggregate productivity Zt as satisfying

(A.30) Yt ≡ Zt(L
ϕ
t X

1–ϕ
t )a

From the cost-minimization problemof the producers of differentiated varieties, we obtain
the log-linearized input demands:

l̂it = (1 – ϕ)(ŵx
t – ŵl

t) + v̂it(A.31)

x̂it = –ϕ(ŵx
t – ŵl

t) + v̂it(A.32)

Using the first-order conditions of the cost-minimization, and aggregating across firms,
we can derive aggregate input demand functions as:

L̂t = (1 – ϕ)(ŵx
t – ŵl

t) + V̂t = (1 – ϕ)
(
ŵx
t – ŵl

t
)
+ 1

a

(
Ŷt – Ẑt

)
;(A.33)

X̂t = –ϕ(ŵx
t – ŵl

t) + V̂t = –ϕ
(
ŵx
t – ŵl

t
)
+ 1

a

(
Ŷt – Ẑt

)
.(A.34)

The (log-linearized) labor supply function is derived from the utility maximization prob-
lem of the household:

ν–1L̂t + (σ–1 – ιlc)Ĉt = ŵl
t – P̂Yt ,(A.35)

where σ–1 = –uccCuc and ιlc ≡ –ulcCul . From the output maximization of the materials pro-
ducer, we obtain the materials supply curve, again in log-linear form:

(A.36) η–1X̂t = ŵx
t – P̂Yt
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From the market clearing conditions, we obtain equilibrium prices for labor andmaterials
as

ŵl
t =

ν–1(1 + η–1)
1 + η–1ϕ+ ν–1(1 – ϕ)

1
a

(
Ŷt – Ẑt

)
+ (σ–1 – ιlc)(1 + η–1ϕ)

1 + η–1ϕ+ ν–1(1 – ϕ)
Ĉt + P̂Yt ;(A.37)

ŵx
t = η–1(1 + ν–1)

1 + η–1ϕ+ ν–1(1 – ϕ)
1
a(Ŷt – Ẑt) +

η–1ϕ(σ–1 – ιlc)
1 + η–1ϕ+ ν–1(1 – ϕ)

Ĉt + P̂Yt .(A.38)

Aggregate steady-state marginal costs are equal to

(A.39) m̂ct = Eλ [m̂cit] = ϕŵl
t + (1 – ϕ)ŵx

t +
1 – a
a Ŷt.

From the goods market clearing condition we can derive

(A.40) Ĉt = υ0Ŷt – υ0(1 – λc)(1 +ψ)
1
a(Ŷt – Ẑt),

where λc denotes the share of the final good that is used for consumption in steady-state
and where we defined υ0 ≡ 1+η–1ϕ+ν–1(1–ϕ)

λc(1+η–1ϕ+ν–1(1–ϕ))+(1–λc)(1+η–1)ϕ(σ–1–ιlc)
. Together with

equilibrium prices from equations (A.37) and (A.38), we can then derive the following
solution for aggregate marginal cost:

m̂ct =
[
1 – a+ψ

a + υ
(
1 – (1 – λc)

(1 +ψ)
a

)]
︸ ︷︷ ︸

Ω = Elasticity of mc wrt output

Ŷt –
[
ψ

a – υ(1 – λc)(1 +ψ)
]

︸ ︷︷ ︸
Ξ = Elasticity of mc wrt TFP

Ẑt + P̂Yt .

(A.41)

σ–1 = –uccCuc is the inverse elasticity of intertemporal substitution, ν–1 = ullL
ul – uclL

uc is the in-

verse Frisch elasticity of labor supply, and ιcl =
uclL
uc . ψ = ϕν–1+(1–ϕ)η–1+ν–1η–1

1+ν–1(1–ϕ)+ϕη–1 is the slope
of the variable input supply curve, reflecting the slope of the labor supply curve ν–1 and
the slope of thematerials supply curveη–1.Wedefineυ ≡ (σ–1–ιlc)(1+η–1)ϕ

λc(1+η–1ϕ+ν–1(1–ϕ))+(1–λc)(1+η–1)ϕ(σ–1–ιlc)
.

Output-basedPhillips curve. Combining (B.15) and (A.41),we obtain the output-based
New Keynesian Phillips curve:

(A.42) π̂t = φEλ[ζiρi]
(
ΩŶt – ΞẐt

)
– φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1]
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Allocative efficiency. Let us defined the combined allocative distortion as mit ≡ µit(1 +
τi). Using the definition of the markup and of the marginal cost,

(A.43) mit = a pityitwv
t vit

We define the aggregate distortion as solving:

(A.44) Mt ≡ a
PYt Yt
wv
tVt

Step 1: First, we show that:

(A.45) Mt = Eλ
[
m–1
it
]–1

Step 2:

Ẑt = a
[
M̂t – Eλ[m̂it]

]
(A.46)

By definition of the aggregate distortion,

M̂t = P̂Yt Yt – ŵv
tVt

By definition of the firm level distortion

m̂it = µ̂it = p̂it – m̂cit = p̂it – ŵv
t –

1 – a
a ŷit

Eλ[m̂it] = P̂Yt – ŵv
t –

1 – a
a Ŷt

Therefore,

a(M̂t – Eλ[m̂it]) = Ŷt – aV̂t = Ẑt

Step 3:

Ẑt = –MCovλ[m–1
i , ŷit] = MCovλ[m–1

i , θi(p̂it – P̂t)](A.47)
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Log-linearizing the expression forMt in (A.45) yields:

M̂t – Eλ[m̂it] = –MEλ[(mi)–1(λ̂it – m̂it)] – Eλ[m̂it] = –MCovλ[m–1
i , λ̂it – m̂it]

In addition,

λ̂it – m̂it = (p̂it + ŷit – (P̂Yt + Ŷt)) – (p̂it – m̂cit) = –(P̂Yt + Ŷt) + ŵv
t +

1
a ŷit

Therefore, Ẑt = –MCovλ[m–1
i , ŷit].

Step 4: We have two equations that characterize D̂t and Ẑt as a function of the change in
relative prices:

D̂t = –Covλ[θi, p̂it]
Eλ[θi]

Ẑt = MCovλ[m–1
i , θi(p̂it – P̂t)]

where the first equation is (A.16) and the second equation is (A.47).
We know showhow to express D̂t and Ẑt as a function ofmodel parameters and steady-

state objects.

p̂it = 1
p
itp̂

new
it|t + (1 – 1pit)p̂it–1

Taking the expectation over the realization of the Calvo fairy, we obtain:

(p̂it – p̂it–1) – β(p̂it+1 – p̂it) = φ
(
ζiρi

(
m̂ct – P̂t

)
+ P̂t

)
– φp̂it(A.48)

Let us first derive the equation for D̂t. Multiplying by θi and applying the Eλ operator
yields:

(Eλ[θip̂it] – Eλ[θip̂it–1]) – β(Eλ[θip̂it+1] – Eλ[θip̂it]) = φEλ
[
θi
(
ζiρi

(
m̂ct – P̂t

)
+ P̂t

)]
– φEλ[θip̂it]

(P̂t – P̂t–1) – β(P̂t+1 – P̂t) = φ
Eλ [θiζiρi]

Eλ[θi]

(
m̂ct – P̂t

)
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where we repeatedly use equation (A.17). Substracting the NKPC equation,

[D̂t – D̂t–1 – β(D̂t+1 – D̂t)] = –φCovλ [θi, ζiρi]
Eλ[θi]

(
m̂ct – P̂t

)
– φD̂t

In addition,
m̂ct – P̂t = ΩŶt – ΞẐt + D̂t

We can rewrite this as equation (11).

[D̂t – D̂t–1 – β(D̂t+1 – D̂t)] = –φκD
(
ΩŶt – ΞẐt + D̂t

)
– φD̂t

D̂t(1 + β+φ(1 + κD)) = –φκD
(
ΩŶt – ΞẐt

)
+ D̂t–1 + βD̂t+1

We use the same logic to derive the expression for Ẑt.

(p̂it – p̂it–1) – β(p̂it+1 – p̂it) – (P̂t – P̂t–1) – β(P̂t+1 – P̂t) = φ
(
ζiρi

(
m̂ct – P̂t

)
+ P̂t

)
– φp̂it – (P̂t – P̂t–1) – β(P̂t+1 – P̂t)

– [(ŷit – ŷit–1) – β(ŷit+1 – ŷit) – (Ŷt – Ŷt–1) – β(Ŷt+1 – Ŷt)] = φ
(
θiζiρi

(
m̂ct – P̂t

)
+ θiP̂t

)
– φθip̂it – θi(P̂t – P̂t–1) – βθi(P̂t+1 – P̂t)

(Ẑt – Ẑt–1) – β(Ẑt+1 – Ẑt) = –MCovλ[m–1
i ,φθiζiρi

(
m̂ct – P̂t

)
– θi(P̂t – P̂t–1) – βθi(P̂t+1 – P̂t)] – φẐt

(Ẑt – Ẑt–1) – β(Ẑt+1 – Ẑt) = –φMCovλ[m–1
i , θiζiρi]

(
m̂ct – P̂t

)
+MCovλ[m–1

i , θi]((P̂t – P̂t–1) + β(P̂t+1 – P̂t)) – φẐt

(Ẑt – Ẑt–1) – β(Ẑt+1 – Ẑt) = –φM
(
Covλ[m–1

i , θiζiρi] – Covλ[m–1
i , θi]

Eλ [θiζiρi]
Eλ[θi]

)(
m̂ct – P̂t

)
– φẐt

(Ẑt – Ẑt–1) – β(Ẑt+1 – Ẑt) = –φEλ[θiζiρi]
(

Eλ[
m–1
i

Eλ[m–1
i ]

θiζiρi
Eλ[θiζiρi]

] – Eλ[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

]
)(

m̂ct – P̂t
)
– φẐt

Then,

(Ẑt – Ẑt–1) – β(Ẑt+1 – Ẑt) = –φκZ
(
ΩŶt – ΞẐt + D̂t

)
– φẐt

from which we can obtain the expression in (11).

Euler equation. From the utility maximization problem of households, we obtain the
generic (log-linearized) Euler equation as:

Ĉt – σιclL̂t = Et
[
Ĉt+1 – σιclL̂t+1

]
– σ
(̂
it – Et [π̂t+1]

)
(A.49)

Knowing the aggregate demand function for labor from equation (A.33), and equilibrium
prices from equations (A.37) and (A.38), and using the expression for Ĉt in (A.40) we can
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derive the Euler equation as:

cŶt – c̃
(
Ŷt – Ẑt

)
= E

[
cŶt+1 – c̃

(
Ŷt+1 – Ẑt+1

)]
– σ
(̂
it – Et [π̂t+1]

)
(A.50)

where c ≡ 1+η–1ϕ+ν–1(1–ϕ)+σιcl(1–ϕ)(σ–1–ιlc)
λc(1+η–1ϕ+ν–1(1–ϕ))+(1–λc)(1+η–1)ϕ(σ–1–ιlc)

and c̃ ≡ (1+ψ)
a

(
c(1 – λc) + σιcl

(1+ν–1)

)
.

Appendix B. Identification results

B.1. Extended model: adding capital, firm-specific input cost and demand shocks

To consider the mapping between the model and the data, we make three modifications
to the baseline model. First, we introduce firm-specific shocks to the cost of materials.
Second, we introduce firm-specific demand shocks. Third, we introduce capital as a fixed
factor in the production function.

B.1.1. Additional assumptions

Firm-specific demand shocks. We use the specification of the demand curve in xx:

(B.1) pit = ξitΥ′(yitYt
)Pt

where Pt is defined as before. We can then define the demand function:

(B.2) yit
Yt

= Ψ
(

pit
ξitPt

)

where Ψ = Υ′–1.

Intermediate varieties producers.

(B.3) yit = zi(k
γ
i v

1–γ
it )a

We consider firm-specific shocks to the price of materials, akin to iceberg transportation
cost shocks, denoted eϑit . ϑit is an idiosyncratic shock satisfying ϑit ⊥ λi.
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B.1.2. Characterization

Households. We again denote the price elasticity of demand by θit, a function of relative
size only.

(B.4) ŷit – Ŷt = –θi(p̂it – P̂t) +
θi
Y ξ̂it

Intermediate varieties producers. We first consider the firm’s cost-minimization prob-
lem, taking output and input prices as given. We can first solve for the optimal choice of
labor and materials, taking variable inputs and prices as given:

(B.5) min
lit,xit

[eϑitwx
t xit + wl

tlit] subject to (lϕitx
1–ϕ
it ) ≥ v̄

We obtain that for any vit, the choice of labor and material will be given by:

lit =
(
wx
t e
ϑit

wl
t

ϕ

1 – ϕ

)1–ϕ
vit(B.6)

xit =
(
wx
t e
ϑit

wl
t

ϕ

1 – ϕ

)–ϕ
vit(B.7)

This defines a price index for variable inputs, inclusive of the iceberg cost shock (but ex-
clusive of the input wedge):

(B.8) wv
it = (wl

t/ϕ)
ϕ(wx

t e
ϑit/(1 – ϕ))1–ϕ

We then solve for the optimal choice of variable inputs, for a given level of output:

(B.9) min
vit

(1 + τi)(wv
itvit + wk

t ki) subject to zi(k
γ
i v

1–γ
it )a ≥ ȳ

The solution writes:

(B.10) (1 + τi)wv
it = λit

∂yit(ki, vit)
∂vit

= λit(1 – γ)azik
γa
i v(1–γ)a–1it

49



Where λit is the Lagrange multiplier on the constraint, equal to the marginal cost. Hence,

mcit = (1 + τi)wv
it

1
a(1 – γ)

vit
yit

= (1 + τi)wv
it

1
a(1 – γ)y

1
a(1–γ)–1
it

(
zik

aγ
i
)– 1

a(1–γ)

The cost function then writes:

(B.11) C(yit,wit) = (1 + τi)wv
ity

1
a(1–γ)
it

(
zik

aγ
i
)– 1

a(1–γ) + (1 + τi)wk
itki

Marginal cost-based Phillips curve. A firm that can reset its price at time twill choose:

(B.12) p̂newit|t = (1 – βα)Et

[+∞∑
s=0

(βα)s(µ̂fit+s|t + m̂cit+s|t)
]

µ̂
f
it+s|t is the optimal markup at t + s of a firm that could last reset its price at t. It is given

by:

µ̂
f
it+s|t = –Γiθi(p̂newit|t – P̂t+s) + Γi

θi
Y ξ̂it+s|t(B.13)

Let m̂ct ≡ Eλ[m̂cit] the change in the aggregate nominal marginal cost. We can write:

m̂cit+s|t – m̂ct+s = (1 – ϕ)ϑ̃it+s +
1 – a(1 – γ)
a(1 – γ) (ŷit+s|t – Ŷt+s)

= (1 – ϕ)ϑ̃it+s –
1 – a(1 – γ)
a(1 – γ) θi(p̂newit|t – P̂t+s) +

1 – a(1 – γ)
a(1 – γ)

θi
Y ξ̂it+s|t

where ϑ̃it is the idiosyncratic component of the cost shock ϑit = ϑt + ϑ̃it, ϑt = Eλ[ϑit].

p̂newit|t = (1 – βα)Et

[+∞∑
s=0

(βα)s
(
ρiζim̂ct+s + ρiζi(1 – ϕ)ϑ̃it+s + (1 – ρiζi)P̂t+s + (1 – ρiζi)

1
Y ξ̂it+s|t

)]

where ρi is the flexible price partial equilibrium pass-through of marginal cost shocks into
prices and ζi = 1

1+1–a(1–γ)
a(1–γ) θiρi

.We can write this equation recursively as:

(B.14)
p̂newit|t = (1–βα)

(
ζiρim̂ct + ρiζi(1 – ϕ)ϑ̃it + (1 – ζiρi)P̂t + (1 – ρiζi)

1
Y ξ̂it

)
+βαEt[p̂newit+1|t+1]
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Aggregating across firms, we obtain the marginal cost-based Phillips curve:

(B.15) π̂t = φEλ[ζiρi](m̂ct – P̂Yt ) – φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1]

Aggregate marginal cost is given by:

m̂ct = ΩŶt – ΞẐt + ιϑϑt + P̂Yt(B.16)

(B.17) π̂t = φEλ[ζiρi]
(
ΩŶt – ΞẐt + ιϑϑt

)
– φ(1 – Eλ[ζiρi])D̂t + βEt[π̂t+1]

Allocative efficiency. We are interested in an aggregate production function of the form

Yt = Zt
(
KγV1–γ

t

)a
,(B.18)

which implies, after imposing that aggregate capital is time-invariant, that aggregate pro-
ductivity is given by

Ẑt = Ŷt – a(1 – γ)V̂t.(B.19)

In log-deviations, firm-level distortions are given by

m̂it = p̂it + ŷit – ŵit – v̂it,

which after imposing the shape of the production function v̂it = 1
(1–γ)a ŷit, implies that

m̂it = p̂it +
(1 – γ)a – 1
(1 – γ)a ŷit – ŵit.

Taking expectations across firms yields:

Eλm̂it = P̂Yt + (1 – γ)a – 1
(1 – γ)a Ŷt – ŵt.(B.20)

The aggregate distortion in log-linear terms is given by

M̂t = P̂Yt + Ŷt – Ŵt – V̂t(B.21)
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which with some manipulation yields an equation similar to what we had before

Ẑt = (1 – γ)a(M̂t – Eλm̂it)(B.22)

Now, I will use the expression

Mt =
1

Eλm–1
it
,(B.23)

which in logs is equal to logMt = – log
∫
λitm–1

it A first-order approximation of this equa-
tion yields

M̂t = –
∫
λ∗it(m

∗
i )

–1(λ̂it – m̂it∫
λ∗it(m

∗
i )–1

(B.24)

= –M∗Eλ(m∗–1
it (λ̂it – m̂it).(B.25)

Using the properties of the covariance, we get:

M̂t = Eλm̂it – M∗Covλ(m∗–1
i , λ̂it – m̂it),(B.26)

and using the definition of Ẑ, we obtain:

Ẑt = –(1 – γ)aM∗Covλ(m∗–1
i , λ̂it – m̂it)(B.27)

Using the definitions for marginal costs and sale shares, we can express the driver term
in the last equation as:

λ̂it – m̂cit = –(PYt + Yt) + ŵv
t + ϑ̂it +

1
(1 – γ)aŷit.(B.28)

Notice that most of the terms in the last line are either aggregate terms, so they are
orthogonal to firm-level variables in steady state, or are assumed to be orthogonal, like
the presence of input cost shocks. Therefore:

Ẑt = –M∗Covλ(m∗–1
i , ŷit),(B.29)
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or alternatively using the shape of demand curves:

Ẑt = M∗Covλ(m∗–1
i , θi(p̂it – P̂t)).(B.30)

Note that this result does not depend on the exponent of variable inputs on production.
Another important point is that the expression for reset prices does not depend explic-

itly on a or γ once we control for marginal costs, which of course, depend on the shape of
the production technology.

The law of motion of actual prices follows the second-order difference equation

pit – pi,t–1 = φ∆it + β(pi,t+1 – pit) – φpit,(B.31)

for ∆it = ζiρi(m̂ct + (1 – ϕ)ϑ̃it) + (1 – ζiρi)P̂t.
Notice that the second-order difference equation for prices is the same than in themain

body of the paper. The result that comes from the definition of D̂ also holds

PtEλθi = Eλ(θip̂it).(B.32)

Take the law of motion of prices and subtract in each side Pt – Pt–1 – β(Pt+1 – Pt).

pit–pi,t–1–(Pt – Pt–1 – β(Pt+1 – Pt)) = φ∆it+β(pi,t+1–pit)–φpit–(Pt – Pt–1 – β(Pt+1 – Pt))

Collect terms in the LHS

(pit–Pt)–(pi,t–1–Pt–1)–β
(
(pit+1 – Pt+1) – (pit – Pt)

)
= φ∆it–φpit–(Pt – Pt–1 – β(Pt+1 – Pt))

Multiply by m–1∗
i θi.

m∗–1
i θi(pit–Pt)–m∗–1

i θi(pi,t–1–Pt–1)–β
(
m∗–1
i θi(pit+1 – Pt+1) – m∗–1

i θi(pit – Pt)
)
= m∗–1

i θiφ∆it–m∗–1
i θiφpit–

(
m∗–1
i θiPt – m∗–1

i θiPt–1 – β(m∗–1
i θiPt+1 – m∗–1

i θiPt)
)

Now take sales-weighted expectations

Eλm∗–1
i θi(pit–Pt)–Eλm∗–1

i θi(pi,t–1–Pt–1)–β
(

Eλm∗–1
i θi(pit+1 – Pt+1) – Eλm∗–1

i θi(pit – Pt)
)
= Eλm∗–1

i θiφ∆it–Eλm∗–1
i θiφpit–

(
Eλm∗–1

i θiPt – Eλm∗–1
i θiPt–1 – β(Eλm∗–1

i θiPt+1 – Eλm∗–1
i θiPt)

)
,

and realize that Eλm∗–1
i θi(p̂it – P̂t) = M∗–1Ẑt.
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Ẑt–Ẑt–1–β
(
Ẑt+1 – Ẑt

)
= Eλm∗–1

i θiφ∆it–Eλm∗–1
i θiφpit–Eλm∗–1

i θi (Pt – Pt–1 – β(Pt+1 – Pt)) ,

We will use now the result from the previous section that (Pt – Pt–1 – β(Pt+1 – Pt)) =
φ

Eλ(θiζiρi)
Eλθi

(m̂ct – P̂t). This result comes from the firm-level second order difference equa-
tion of firms, after multiplying by θi, taking sales-weighted expectations, and using the
result that P̂tEλθi = Eλ(θip̂it), which comes from the definition of D̂.

M–1(Ẑt–Ẑt–1–β
(
Ẑt+1 – Ẑt

)
) = Eλm∗–1

i θiφζiρi(m̂ct–P̂t)–φM–1Ẑt–Eλ(m∗–1
i θi)φ

Eλ(θiζiρi)
Eλθi

(m̂ct–P̂t),

Ẑt–Ẑt–1–β
(
Ẑt+1 – Ẑt

)
= MφEλ

(
m∗–1
i θiζiρi

)
(m̂ct–P̂t)–φẐt–MφEλ(m∗–1

i θi)
Eλ(θiζiρi)

Eλθi
(m̂ct–P̂t),

Ẑt– Ẑt–1–β
(
Ẑt+1 – Ẑt

)
= Mφ(m̂ct– P̂t)

(
Eλ
(
m∗–1
i θiζiρi

)
– Eλ(m∗–1

i θi)
Eλ(θiζiρi)

Eλθi

)
–φẐt

Which again, is the same second order difference equation for Z. The only difference
then can come from the determination of marginal costs.

B.2. Identification results: slope

Passthrough of cost shock into prices. Take the case of a shock with zero persistence.
First, write p̂it = 1

p
itp̂

new
it|t +(1 – 1pit)p̂it–1, where 1pit is a “Calvo-fairy” dummy that takes the

value of 1 if a price adjustment is permissible for firm i in period t. Using the formula for
the optimal reset price,

p̂it–p̂it–1 = 1
p
it(1–βα)ζiρi(1–ϕ)ϑ̃it+1

p
it(1–βα)(1–ρiζi)

1
Y ξ̂it+1

p
it(1–βα)Et

[+∞∑
s=0

(βα)s
(
ζiρim̂ct+s + (1 – ζiρi)P̂t+s

)]
–1pitp̂it–1

Proposition 1. Let us assume that 1pit ⊥ ϑ̃it, 1
p
it ⊥ λi, and ϑ̃it ⊥ ξ̂it. In addition, we maintain the

assumption outlined above that λi ⊥ ϑ̃it. Finally, assume that we observe Zϑit a proxy for (1 –ϕ)ϑit
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satisfying (1 – ϕ)ϑit = kϑZϑit. Then, the coefficient of the regression

(B.33) ∆ log pit = αt + βRF0 Zϑit + εit

identifies βRF0 = kϑ(1 – βα)(1 – α)Eλ[ρiζi]. The coefficient of the regression:

(B.34) ∆ logwit = αt + βFS0 Zϑit + εit

identifies βFS0 = kϑ. Consequently, the IV coefficient identifies βIV0 = (1 – βα)(1 – α)Eλ[ρiζi].

What about the case where the input cost shock has some persistence? Let us assume
that ϑit is an AR(1) with persistence ρϑ.

Proposition 2. Let us denote βh the local projection coefficient at horizon h. Under the same
notations and assumptions, βRF0 = kϑ 1–βα

1–βαρϑ (1 – α)Eλ[ρiζi], βRF1 = kϑ 1–βα
1–βαρϑEλ[ρiζi](1 –

α) (ρϑ + α), βRF2 = kϑ 1–βα
1–βαρϑEλ[ρiζi](1 – α)(ρ2ϑ + αρϑ + α

2).

B.3. Identification results: allocative efficiency

B.3.1. Identification strategy

κD = Eλ[ζiρi]
(

Eλ

[
θi

Eλ[θi]
ζiρi

Eλ[ζiρi]

]
– 1
)

κZ = Eλ[θiζiρi]
(

Eλ

[
m–1
i

Eλ[m–1
i ]

θiζiρi
Eλ[θiζiρi]

]
– Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

])

We first detail how to estimate each objects, assuming m–1
i and θi are known. We then

detail the measurement of m–1
i and θi.

Identification of Eλ[θiζiρi] and Eλ[ζiρi]. Eλ[θiζiρi] is obtained from the regression of
∆ log yit on∆ logwv

it, instrumented by ϑit.Eλ[ζiρi] is obtained from the regression of∆ log pit
on ∆ logwv

it, instrumented by ϑit.

Identification of Eλ
[

θi
Eλ[θi]

ζiρi
Eλ[ζiρi]

]
and Eλ

[
m–1
i

Eλ[m–1
i ]

θiζiρi
Eλ[θiζiρi]

]
. We obtain these quanti-

ties by estimating the price and quantity regressions by bins of θi
Eλ[θi]

and m–1
i

Eλ[m–1
i ] , respec-

tively, and using the law of iterated expectations.
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Identification of Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

]
. Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

]
is estimated directly from the

data.

B.3.2. Measurement of m–1
i and θi

Note that because we only need Eλ[m–1
i θi]

Eλ[θi]
, our procedure is robust to mis-measurement in

the level of demand elasticities.

Estimation of the demand elasticities θi. We estimate demand elasticities by invert-

ing the formula for desired markups: θi = µ
f
i

µ
f
i –1

. This strategy is infeasible for individ-

ual firms for two reasons: (i) individual markup measures are very noisy, with many
values very close to or below 1, making the estimate of demand elasticities extremely
sensitive to measurement error ; (ii) with sticky prices, individual firm markups will
diverge from ideal markups. To circumvent this problem, we take seriously the predic-
tion of the model that within an industry, variation in the ideal markup only comes from
variation in firm-level market shares. Define Q bins of market shares. We assume that
∀i ∈ Qq, µ

f
i = µ

f
q = Eλ[µ

f
i |Qq]. With the assumption that the markup is constant within

Qq, we then obtain Eλ[θi|Qq] =
µ
f
q

µ
f
q–1

= θq. Using the law of iterated expectations, we obtain

Eλ[θi] and Eλ

[
m–1
i

Eλ[m–1
i ]

θi
Eλ[θi]

]
.

Figure B.1 illustrates the markups and demand elasticities estimated in this way. We
find thatmarkups are increasing in firm’smarket shares, consistentwith existing evidence.
As a result, demand elasticities decline in firm size.

Estimation of the allocative distortion m–1
i . As a reminder, we defined mi ≡ (1+τvi )

θi
θi–1 .

It is then straightforward to show that:

mi ∝
piyi
vi

=
(
piyi
li

)ϕ(piyi
mi

)1–ϕ
= MRPLϕMRPM1–ϕ(B.35)

This formula shows that in the presence of both input-side distortions andmarkups, TFPR
measures the combined distortion, as in Hsieh and Klenow (2009).

When taking this to the data, we consider two points. First, we integrate capital to our
definition of wedges. While our baseline model omits capital, consistent with the focus on
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Figure B.1. Markups and demand elasticities by size

(a) Markups (b) Demand elasticities

Note: Panel (a) plots average markups by deciles of firms’ market shares. Panel (b) plots demand elasticities by deciles of firms’ market
shares.

the response of marginal costs to monetary shocks, we do account for the fact that there
are persistent distortions in marginal revenue products of capital across firms.

Second, constructing thematerialwedge pityit
mit

requires to divide sales bymaterial quan-
tity. Typical income statement items typically only report the purchase value of materials.
This is a major issue: if material wedges are priced, the ratio pityit

wm
itmit

would incorporate the
wedge in the denominator of this ratio.

We overcome this issue by exploiting the decomposition of input purchases into quan-
tities and unit values. This exercise requires that we have comparable quantities and unit
values for each material inputs across firms, which is a more demanding requirement than
our baseline tests exploiting within firm×product comparability. We therefore restrict our
attention to inputs for which quantities and unit values are reported based on physical
quantities: length, areas, volume, mass, and energy units. In our sample, 89% of the total
purchase value of material inputs is recorded in physical units.

In practice, we proceed as follows. Let KPU ⊆ K be the subset of inputs denominated
in a physical unit. Here we consider the setK to be the original input classification: 5-digit
ASICC codes until 2010, and 7-digit NPC codes afterwards. We do so because units are
defined at this level, and vary within the more harmonized codes we use in the main em-
pirical exercises (because here we only compare inputs used by different firms in the same
year, we do not need harmonized classifications). For each input k ∈ KPU , we deflate the
input purchase value mkitwm

kit by the firm-specific component of the input price wm
kit/w

m
kt,

where the denominator is computed as the weighted median of the price of input k across
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all firms in year t. We can then compute the ratio pityit
mkitwm

kt
. The denominator includes a con-

stant across all firms,which is innocuous.We proceed in this fashion for all inputs k ∈ KPU

and aggregate at the firm level using input shares.

Figure B.2 shows the obtain marginal revenue products for labor, capital, intermedi-
ates, and the resulting TFPR, by deciles of firm market shares.

Figure B.2. MRPXs by size

(a) MRPL (b) MRPK

(c) MRPM (d) TFPR

Note: This figure plots averages of our estimates of marginal revenue products by bins of firm size. Within
each industry, we define 10 bins of equal sales density.

xx

Appendix C. Data

C.1. Indian Annual Survey of Industries (ASI)

The ASI is a dataset put together by India’s Ministry of Statistics and Programme Imple-
mentation (MOSPI). The reference period for each survey is the accounting year, which in
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India begins on the 1st of April and ends on the 31st ofMarch the following year. Through-
out the paper we reference the surveys by the earlier of the two years covered.

Coverage and sampling methodology. The ASI contains information on a representa-
tive sample of manufacturing establishments, conditional on them taking part of the or-
ganized sector, and either employing more than 20 employees, or employing more than
10 employees and using electricity. We call the subpopulation of firms satisfying this cri-
teria the ASI population. Within the ASI population, ASI defines a Census sector which is
sampled exhaustively and a Sample sector for which the micro-data contains only a rep-
resentative sample. Details of how the sampling methodology for the ASI changes over
time are shown in Table C.1. ASI provides sampling weights, which we use to weight all
data moments. We compare total value added by establishments in the ASI population

Table C.1. Sampling Methodology for Indian ASI

Period Census Sector Sample Sector

1998 Complete enumeration states, plants with > 200
workers, all joint returns

Stratified within state × 4-digit industry (NIC-
98), minimum of 8 plants per stratum

1999-2003 Complete enumeration states, plants with ≥ 100
workers, all joint returns

Stratified within state × 4-digit industry (NIC-
98), minimum of 8 plants per stratum

2004-2006 6 less industrially developed states, 100 or more
workers, all joint returns, all plants within state
× 4-digit industry with < 4 units

Stratified within state × 4-digit industry, 20%
sampling, minimum of 4 plants

2007 5 less industrially developed states, 100 or more
workers, all joint returns, all plants within state
× 4-digit industry with < 6 units

Stratified within state × 4-digit industry, mini-
mum6plants, 12% sampling fraction: exceptions

2008-2013 6 less industrially developed states, 100 or more
workers, all joint returns, all plants within state
× 4-digit industry with < 4 units

Stratified within district × 4-digit industry, min-
imum 4 plants, 20% sampling fraction

to total manufacturing value added in India. The latter includes value added by the ASI
population, value added by the organized sector establishments below the size threshold,
and value added in the informal manufacturing sector. We find that ASI covers 61% of
total manufacturing value added on average across years.
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Sample selection. We start with 1,068,114 plant × year observations. We subsequently
employ multiple sample selection rules. First, we restrict the sample to factory × year ob-
servationswith either positive reported gross sales, or positive reported sales at the factory
gate. This drops one third of all observations (360,145).Next,wedisregard all observations
that exactly copied their sales from the previous year, suspecting these plants to be actu-
ally closed. This drops 1,179 additional observations. Third, we drop all plant× years that
reported either no days worked, or no persons employed, dropping a supplementary 206
observations. Moreover, we restrict the sample to observations with correct accounting:
we drop all observations where the difference between aggregate items and the absolute
value of the sum of corresponding sub-items exceeded 10% of the aggregate items. We re-
gard four aggregate items: (i) the purchase value of basic items (including imports), (ii)
the purchase value of non-basic items, (iii) the purchase value of total inputs, and (iv) the
gross sales value of output. This accounting rule drops an extra 4,324 observations. Finally,
disregarding all factory× years without any reported positive output or input (including
energy) values at the product level, excludes an additional 49,100 observations. The final
sample thus includes 189,466 unique plants for a total of 635,551 individual plants × year
observations.

Industry classification. Our data relies on three distinct industry classification systems:
NIC-98 (1998–2003), NIC-04 (2004–2007), and NIC-08 (2008 and beyond). We first ad-
dress issueswith the 5-digit industry codes inNIC-98, where codes are sometimesmasked
with zeroes or absent from the official documentation, by replacing them with the most
frequent 5-digit codewithin each 4-digit grouping following the approach ofMartin,Nataraj,
andHarrison (2017). Next, we apply concordances fromNIC-08 to NIC-04 using themap-
ping provided by Rijesh (2022). For industries not covered by this concordance, wemanu-
ally supplement themapping. For a given firm inNIC-08,we determine the corresponding
NIC-04 code by leveraging data from theNIC-04 period (that is, "pre-data"). If no pre-data
are available, we assign the candidate with the highest frequency; if pre-data exist, we se-
lect the candidate that matches the pre-data and has the highest frequency in the dataset.
Finally, we apply concordances from NIC-04 to NIC-98 using the mapping provided by
Martin, Nataraj, and Harrison (2017) and manually supplement the mapping for indus-
tries not covered by this concordance.
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Product classification. Our analysis standardizes product classifications across four dis-
tinct classifications used in our sample: NPCMS 2015 (2016-2017), NPCMS 2011 (2010-
2015), ASICC 2009 (2008-2009), and ASICC 2008 (pre-2008). We harmonize all product
codes to NPCMS 2011, as it provides awell-defined five-digit structure that balances gran-
ularity and coverage. Given the absence of an official concordance between NPCMS 2015
and NPCMS 2011, we constructed a mapping using fuzzy matching (based on product
codes, descriptions, and units) and semantic embeddings (OpenAI’s AA2 model). For
ASICC 2009, we utilize the official concordance to NPCMS 2011 but address its limita-
tions (such as missing mappings and invalid classification) by leveraging ASI data and
semantic embeddings. The harmonization of ASICC 2008 to ASICC 2009 follows the con-
cordance from Boehm, Dhingra, and Morrow (2022).

Table C.2. Example of NPC-MS 2011 5-digit classification

Code Description

35 Other chemical products; man-made fibres
351 Paints and varnishes and related products; artists’ colours; ink

35110 Paints and varnishes and related products
35120 Artists’, students’ or signboard painters’ colours, modifying tints, amusement colours and the like
35130 Printing ink
35140 Writing or drawing ink and other inks

352 Pharmaceutical products
353 Soap, cleaning preparations, perfumes and toilet preparations
354 Chemical products n.e.c.
355 Man-made fibres

36 Rubber and plastics products
361 Rubber tyres and tubes

36111 New pneumatic tyres, of rubber, of a kind used on motor cars
36112 New pneumatic tyres, of rubber, of a kind used on motorcycles or bicycles
36113 Other new pneumatic tyres, of rubber
36114 Inner tubes, solid or cushion tyres, interchangeable tyre treads and tyre flaps, of rubber
36115 Camel back strips for retreading rubber tyres
36120 Retreaded pneumatic tyres, of rubber

362 Other rubber products
36210 Reclaimed rubber
36220 Unvulcanized compounded rubber, in primary forms or in plates, sheets or strip; unvulcanized rubber in forms other than primary

forms or plates, sheets or strip
36230 Tubes, pipes and hoses of vulcanized rubber other than hard rubber
36240 Conveyor or transmission belts or belting, of vulcanized rubber
36250 Rubberized textile fabrics, except tyre cord fabric
36260 Articles of apparel and clothing accessories (including gloves) of vulcanized rubber other than hard rubber
36270 Articles of vulcanized rubber n.e.c.; hard rubber; articles of hard rubber

363 Semi-manufactures of plastics
364 Packaging products of plastics
369 Other plastics products

Note: For codes other than 351, 361 & 362, the 5-digit classifications are not shown.

Data quality check. Figure C.1 matches the yearly price index for the manufacturing
sector from WPI, constructed as the average of quarterly price indices, to the price index
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generated from ASI data. The latter is constructed as the sales-weighted median of log-
price changes, with weights being constructed as Törnqvist weights. While the ASI data
appears to have a little more volatility, especially between 2005 and 2008, overall the two
lines show a very similar pattern.

Figure C.1. WPI inflation and inflation from ASI micro-data

Note: This figure plots two inflation series. The blue line is WPI inflation (manufacturing). The pink line
is price growth obtained from the micro-data. It is constructed as the sales-weighted median of log-price
changes, with weights being constructed as Törnqvist weights.
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