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The Incidence of Distortions

Economic distortions =) Misallocation + Low aggregate output

Large body of empirical work suggests magnitudes may be large

Especially for developing economies (e.g. Banerjee Duflo 2005, Restuccia Rogerson
2008, Hsieh Klenow 2009)
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Economic distortions =) Misallocation + Low aggregate output

Large body of empirical work suggests magnitudes may be large

Especially for developing economies (e.g. Banerjee Duflo 2005, Restuccia Rogerson
2008, Hsieh Klenow 2009)

But who bears the burden of distortions?

If poor disproportionately harmed, distortions may be even bigger issue

Knowledge of equity-efficiency trade-off is vital for policymakers



Existing Work

Typically documents variation in one distortion, in one sector, across one dimension

E.g. retail markups by income (Faber Fally 2021, Gupta 2022, Sangani 2022), taxes
by income (Conlon et al. 2022), tariffs by income (Faber 2014, Acosta Cox 2024),
textile worker markdowns by gender (Sharma 2022), input markups by buyer
(Burstein Cravino Rojas 2024)
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But...

Distortions on final goods may hide exposure to distortions higher up supply chain
Revenues from distortions need accounting for

What appears harmful focusing on single distortion or sector may be beneficial if
correcting other distortions (second best argument)

Equity along one dimension may hide inequalities among others



What We Do

® Theory Advances in heterogeneous agent GE models of distorted economies
Building on Bagaee and Farhi (2020), derive incidence formula that depend on:

a Full matrices of individual-level exposure to (static) distortions
b The size of the distortions
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® Theory Advances in heterogeneous agent GE models of distorted economies
Building on Bagaee and Farhi (2020), derive incidence formula that depend on:

a Full matrices of individual-level exposure to (static) distortions
b The size of the distortions

® Measurement Most granular admin & survey microdata we are aware of: Chile
Administrative: Consumer-to-firm, firm-to-firm, firm-to-employee, firm-to-owner
registries, pension holdings, tax and transfer records
Surveys: Large-sample household, employment and microenterprise ) Informality
Combine Admin+Surveys: Statistical matching on income and consumption side



More Related Work

Building national accounts from microdata (Adao et al. 2022 for Ecuador, Andersen
et al. 2023 for Denmark)
No distortions; Either no consumers, or no data on what is bought/owned/F2F links

Impact of globalization in presence of multiple distortions (Atkin Donaldson 2022 for
trade shocks; Manelici, Ulate, Vasquez, Zarate 2024 for FDI)
No focus on incidence, limited ability to track linkages between agents in economy
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Theoretical Framework: Set-up

C consumers ¢, N firm-products i, and F factors f (in fixed supply, L¢)
Consumers have heterogeneous (homothetic) prefs, endowments, ownership, claims
Firms have (CRS) technologies

What is welfare impact of reducing distortions, how does it vary across individuals?
For each individual, calculate change in real income from going from current,
exogenous wedge distribution to p = mc and w = vmp
To do so, we start with a small change in wedges:
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To do so, we start with a small change in wedges:

X X X
dInYC = bcidlnpi+ @Cfd|an -+ ©.id In i+ectd InT
i2N 12F i2:|{7 }

Y. is ¢’ real income, b is C's expenditure share on goods from firm i

O, Oci and Ot are shares of income ¢ from factor f's wages wg, firm i’s
after-tax profits j, and government transfers T



Theoretical Framework: Consumption-Based Exposure

Price changes due to changes in distortions

X . x . > .

dinp = \Uij(d In it ijd In jk) + Wisd Inwg
j2N k2N;F f2F
PiXik

where Q = is share of input K in revenues of j, ij ik jQjk is share of the

PiYi 8 5
cost of input K in costs of j, and W = (I Q) !

j is output wedge for firm-product j (pj = jCj, e.g. markup, sales tax)

ik is the k™ input wedge for firm j (as-if mcis jkp}, e.g. monopsony, payroll tax)

Do not need to separate j jk beyond allocating wedge revenue (e.g. via tax data)



Theoretical Framework: Income-Based Exposure

Factor income changes due to changes in distortions

X
dinws = (d In | +dlIn Im) 1 m VY ms
I'm2F;N
I {z }
Di ff fp ch
> 1||rect effect of p ¢ arlgek | ) 1 > >
+ b kCova (d InQ®); diag( ©)) Twipy) + d ¢ bWy
IIZC;N {7 } iZC k€7N }
Substitution within k Income changes for consumers

where  is sales share of firm or income share of factor/consumer i

Related expressions for changes in distortion revenue via ownership (d In ;) and via
transfers (d InT)



Theoretical Framework: Solving for Incidence

Hsieh Klenow (2009) benchmark:

(Nested) CES demand ) Change in consumer’s budget shares of firm-product i
> x
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Within HS3 industry Across HS3 industries

Sector-specific Cobb-Douglas production function
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Hsieh Klenow (2009) benchmark:

(Nested) CES demand ) Change in consumer’s budget shares of firm-product i
> x

dlin bCi = (1 g(i))(dln Pi iog(i)d In p|0)+(1 G)(dlnpg(i) ggd|n pg)
i92g (i 2G
| (2220 b {z° }
Within HS3 industry Across HS3 industries

Sector-specific Cobb-Douglas production function

S S Y S 0 A x
Yi = AK KLY MM with  po=1 % ¢
s0 s?
Linear system can be solved for any values of elasticities and , wedges ; and
ij, shares Qj;, bei, 's, and ¢ (for small changes, or iterating for large changes)
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Distortions Estimation Strategy

Wedge: Gap between efficient resource allocation and actual allocation

joik =

Qjk: observed share of input K in j's revenues

jk: output elasticity of firm j with respect to input Kk

Hsieh Klenow (2009) benchmark:
Sector-specific Cobb-Douglas + US frictionless benchmark (no wedges on average)
) Calibrate j« using US sector-specific cost shares

10
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Data: What We Need, Where We Get |t From

P P P
d |n YC = i2N bC|d |n p| + f2F ecfd Ian + i2N ec|d In i + ectd |nT J

® Data on Individuals
Individual ¢'s consumption shares on firm-product i (b)) ) Direct exposure
Product-level firm-to-individual transaction data pushes beyond home/retail scanner
data: links individuals to firms, wider coverage
Individual-level consumption surveys at store brand-product level to fill in gaps due to
no tax ids/informality by statistical matching on F2l consumption 4+ demographics
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Data: What We Need, Where We Get |t From

P P P
dinY, = on DeidInpi + (o OdInwg + 5 OcidIn | +O0,dInT J

® Data on Individuals
Consumption shares by product and firm (bg;i)

Labor income by source (©¢f): Employer-employee data+consumption and labor
survey. Define factor as location, including the ROW (soon: education location)

Ownership shares of firms to allocate capital income (©¢s ), profits (©j): Ownership
registry, pension holdings by fund, microenterprise survey informal ownership

Taxes and transfers for tax revenue rebated (©¢t): Tax forms, transfer records

Grouping variables are age, gender, geography, country of birth, race, education:
Civil registry data, voting registry, unemployment insurance records

11



Data: What We Need, Where We Get |t From

P P P . P
dinY, = i2N b i2N \Uij(d In it ijkd In jk) + Wied Inws + i J

® Data on Firms

Input shares by firm-product for indirect exposure (Qij): Firm-to-firm transactions
Split retailers into single-product i, using products coming into multiproduct firm

Revenue shares of labor, capital and materials + total output + tax payments: Tax
forms, employer-employee data, firm-to-firm transactions, microenterprise survey

©® Wedge estimation: i k= jk:ij
Output elasticities ( jj): 3-digit US industry cost shares
Input shares of revenue (£jj): Firm-to-firm transactions, employer-employee, tax
forms
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Administrative Data:

Summary Statistics for 2022

1 Firm-to-Individual Consumers Suppliers Pairs Transactions
Consumption 13,453,311 2,124 43,626,887 6 Billion
5 Firm-to-Firm Buyers Suppliers Pairs Transactions
Domestic Trade 1,354,408 624,073 35,993,564 2.1 Billion
Firm-to-Firm Buyers Suppliers Pairs Transactions
International Trade 93,423 155,283 273,110 5,298,769
Firm-to-Employee Firms Workers Pairs Jobs per Worker
Employment/Wages 702,729 8,242,191 13,138,247 1.6
5 Firm-to-Individual Owners Owned Pairs Med. Owner Share
Ownership 1,781,539 1,445,504 3,172,853 34%
6 Gov-to-Individual Individuals Policies Pairs Policy Transactions
Net Transfers 8,021,862 10 16,262,917 16,495,680

Data Coverage

Implementation Challenges

13



Data: What We Need, Where We Get |t From

P P P
dInY, = i2N bcid In Pi+  fop @Cfd Inws + 2N @cid In | + ectd InT J

Taking stock: Framework allows for

© Interacting distortions across sectors and markets: Y,L,K,M

® Indirect exposure through entire supply chain

©® Accrual of distortion revenue ) Highlight income channel, on top of consumption
O ij-specific wedges

@ General equilibrium

14
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Exposure Matrices: Expenditure Shares From F2H + Survey
P P P
dInY, i2N beid In Pi+ oF Octd Inws + i2N O¢dIn | +0,dInT J

Processed Foods
Animal Products

Fruits and Vegetables
Non-Alcoholic Beverages
Alcoholic Beverages and Tobacco
Clothes and Footwear
Household Goods
Health Goods

Transport Goods
Appliances

Electronics

Other Goods

Housing

Health Services
Transport Services
Communication Services
Recreational Services
Education

Restaurants and Hotels
Financial Services

Other Services

LA L

Total Income Percentile (%)

N 20 [ 4150 [ 81-95 96-100

(a) Across Products 15



Exposure Matrices: Firm-to-Firm Data Across Sectors

P P P ) P
diInY. i2N bci( i2N \Ilij(dln i+ k2N :F ijdln jk)“‘ f2F \Uifd|an)+ZIZJ
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(a) Direct Linkages: Qi (b) Indirect Linkages: W Q|
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Exposure Matrices: Expenditure Shares, Direct and Indirect

dInY,

P

i2N bCi(

ij

k2N ;F

ijd In jk) +

o Wied Inwg) + 1
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Exposure Matrices: Income by Source

P P P

1-40%

41-80%

81-95%

96 - 100 %

0 2 4 8 8

B Labor M Capital [ Profits Transfers
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Exposure Matrices

dInY, io

. Labor Shares from Employer-Employee

P P P
Nbcidlnpi+ f2F Ocid Inws + i2N O¢dIn | +04dInT J

Agriculture and Fishing
Mining
Manufacturing
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Wholesale and Retail
Transport and Telecomms
FIRE
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(b) Across Firm Size Bins
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Exposure Matrices: Prot Shares from Ownership Registry

P P P
dinY, oy Pedinpi+ o gdinwg + 5y gdIn i+ 4dInT

(a) Across Sectors (b) Across Firm Size Bins
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Wedge Estimates: Mean Across Sectors and Firm Size

Sector

(a) Labor (b) Capital (c) Materials

Firm Size

(d) Labor (e) Capital (f) Materials
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@A The Incidence of Distortions



PE Consumption Priche Gains: Somewhat Unevenly Distrit
ion DeidInp; = i ion Dei : v ii(dIn g+ ? kon e kdIn o)+ |
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GE Consumption Pric%e Losses: Harms the Richest 4%

P
ion DeidInp; = ion D + e TirdInwg
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Factor Income Gains: Labor (Capital) Bene ts the Poor (R

P P h p P P
f2F Cfdanf = fop cf I:m2F N | |m(dIn 1+ din Im) mf + Czcd c k2N bck kf
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Non-Factor Income: ;Fransfers (Pro ts) Harm the Poor (Ric

P P
i2N gdln ;= N di din ; + 7: j2F N ij(d In {+din i din ~ij) 7:dT|
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Distortion Reductions Bene t The Richest Relatively Less

P P P
dinY. = ion BedInp + (c gdinw + ,y GdIn i+ dInT
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Distortions Harm Women and Young More

(a) Across Gender (b) Across Age
Pro-Rich: Driven by income channels (factor + non-factor) and consumption G
Pro-Male: Driven mostly by non-factor income channel
Pro-Old: Driven mostly by non-factor income channel

23



Equity E ciency Tradeo s of Reducing Di erent Wedges?
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Next Steps

Further enrich construction of micro-level national accounts
Household-level analysis, richer demographics/race/immigration status

Add pension data
Worker skill levels by education
More granular CES nests and CD materials breakdown

Bring wedges to zero via full iterative solution

Richer counterfactuals and takeaways

Tax versus non-tax wedges
Which wedges reinforce each other and which are countervailing?
How misleading would results be if we only had access to typically-available date

What drives incidence heterogeneity?

25



Theoretical Framework: (Non-Factor) Income-Based
EXposur reun

Changes in distortion revenue via ownership

- X .
din i =dln i+—f ij(dln i+d|n i dln'“ij) —IdTl
"j2F N !

Change in Domar weightsd(In ;): Similar to d Inws, as factor is rm with no inputs

Changes in distortion revenue via transfers

X T
dinT = %(dln i+dInT;)
i2C;N
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Firm-to-Individual Consumption: Data CovGenge

(a) Across Retailer Types (b) Across Products
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Implementation Challengs.n

@ Filling in Administrative Data Gaps
Predict non-F2I consumption, informal income, government transfers from
consumption (EPF 21/22, 44k) and employment (ESI 20{22, 300k) surveys
Statistically match EPF/ESI individuals to admin data using F2I consumption
[formal income patterns within characteristic bins (Blanchet et al. 2023)
Carry across match values, residual after hitting total formal expenditure = inform
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Implementation Challengs.n

@ Filling in Administrative Data Gaps
Predict non-F2I consumption, informal income, government transfers from
consumption (EPF 21/22, 44k) and employment (ESI 20{22, 300k) surveys
Statistically match EPF/ESI individuals to admin data using F2I consumption
[formal income patterns within characteristic bins (Blanchet et al. 2023)
Carry across match values, residual after hitting total formal expenditure = inform

® Computational Burden of Large Matrices
E.g. Leontief inverse of -O matrix =( ) *at rm product level (1.3 million)
Matrices are sparsg¢ Leverage computational advancements on sparse matrices
Approximate inverse with power series, *+ + 2+ 3+ ::: computing
smaller (not ) operations iteratively, b=b+ b+ ( b)+ (( b))+ :::
) Compute the Leontief inverse of the rm-product IO matrix in 7 seconds
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Source of Firm-to-Individual Consumption Data: Example:s

29
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