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In markets where prices are determined by the intersection of supply and demand curves,
standard identification results require the presence of instruments that shift one curve hut not the
ather. These results are typically presented in the context of linear models with fixed coefficients
and additive residuals. The first contribution of this paper is an investigation of the consequences
of relaxing both the linearity and the additvity assumption for the interpretation of linear instru-
mental variables estimators, Without these assumptions, the standard linear instrumental variables
estimator identifies a weighted average of the derivative of the behavioural relationship of interest.
A second contribution. is the formulation of eritical identifying assumptions in terms of demand
and supply at different prices and instruments, rather than in terms of functional-form specific
residuals. Our approach to the simultaneous equations prablem and the average-derivative
interpretation of instrumental variables estimates is illustrated by estimating the demand for fresh
whitng at the Fulton fish market. Strong and eredible instruments for identification of this demand
function are available in the form of weather conditions at sea.

1. INTRODUCTION

Economists’ interests in the analysis of competitive markets led to the development of

statistical models for simultaneous equations. The results of this research programme,

starting with Tinbergen (1930) and Haavelmo (1943), are now part of all econometric

textbooks (e.g. Amemiya (1985), Goldberger (1991), Davidson and MacKinnon (1993))—

see Hendry and Morgan (1997) for a historical perspective. In markets where prices are

determined by the intersection of supply and demand curves, neither function can be
499
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consistently estimated by comparing average quantities traded at different values of
abserved (equilibrium) prices. Identification requires the presence of separate instruments
that shift either demand or supply but not both. These results are typically presented in
the context of linear models with fixed coefficients and additive residuals. Attempting to
relax the assumptions that have no firm grounding in economic theory (i.e. Linearity,
additivity), researchers have considered identification in more general models. For
example, Roehrig (1988) and Newey, Powell and Vella (1999) show that full identification
requires the presence of continuously valued instruments. Even in this literature, however,
additivity of residuals has typically been maintained.'

The first contribution of this paper is an investigation of the consequences of relaxing
linearity and additivity assumptions for the interpretation of Instrumental Variables (IV)
estimators. We show that standard TV methods estimate a weighted average of the deriva-
tive of the behavioural relationship of interest. In addition, we show that different instru-
ments lead to different weighted average derivatives. We discuss how the choice of
instruments can be governed by beliefs concerning the linearity and homogeneity of
behavioural relationships, and the extent te which data can be used to guide the choice
of instruments.

A second contribution is the formulation of eritical assumptions underlying identifi-
cation of heterogenous, time-varying demand functions in terms of potential demand and
supply at different values of prices and instruments. This centrasts with most of the litera-
ture on simultaneous equations maedels, which casts critical assumptions in terms of unob-
servable functional-form-specific residuals. Our approach is similar to the potential
outcome approach to evaluation questions originating in the statistical literature on caus-
ality (Rubin (1974, 1978), Holland (1986)) and builds on our earlier work on instrumental
variables {Imbens and Angrist (1994), Angrist and Imbens (1995), Angrist, Imbens and
Rubin (1996}, and Imbens and Rubin (19974, 5)).

The theoretical ideas in the paper are illustrated in a re-analysis of wholesale demand
for fresh whiting at the Fulton fish market in New York City, using data collected by
Graddy (1995). This application is useful for our purposes because strong and credible
instruments for identification of the demand function are available in the form of weather
conditions at sea. The quantity of fish brought to market 15 determined by many factors,
but the weather is an important determinant of supply since strong winds and high waves
make it difficult te catch fish. At the same time, it is unlikely that weather conditions at
sea affect the demand for fish.

2. THE MODEL

2.1. Demand and supply functions

In each of T markets, indexed by ¢=1,..., T, we postulate the existence of a demand
and supply function, ¢5(p, z) and gi{ p, z). These functions describe the quantities that
would be demanded and supplied in market ¢ for all possible prices p and for all possible
values of a generic instrument z. Initially we take z to be binary. With no essential loss of
generality we could write demand and supply in market ¢ as a common function of prices,
instruments and stochastic, market-specific residuals &7 and g, such that

1. Exceptions are Manski {1995, 1997) who investgates bounds on average demand and supply functions
without functional form and additivity assumptions, and Pearl {1994} who uses graphical methods akin ta path
analysis.
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g(p,2)=¢(p, 2, € and ¢(p, 2} = ¢'(p, z, £). In Section 4 we exploit this second rep-
resentation to make connections to the literature on conventional linear and non-linear
simultanecus equations models. This representation is not used initially becase until the
residuals are defined explicitly in terms of observable quantities, it is difficult to judge the
plausibility of assumptions concerning their properties.

Demand or supply functions for any market are not observed. Rather, we observe
quantities traded, and realized values for prices and instruments. Market clearing is
assumed to determine which prices and quantities would be observed for any value of the
instrument. Let pi(z) be the equilibrium price as a function of the instrument, implicitly
defined by the market clearing condition equating demand and supply

¢ (pi(2), 2) = ¢ pi(2), 2). (1)
Also define

4(2)=q:{ pi(2). 2) = i (pi(2), 2), ()

to be the equilibrium quantity as a function of the instrument. We assume that for all z
the equilibrium price and quantities exist and are unique in each market.

We observe the quadruple (z,,pi, 47, x;), where z, is the value of the instrument,
Pe=pi(z;) is the equilibrium price at the realized value of the instrument, g;=g7(z,) is the
quantity traded, and x, is a vector of covariates. The covariates describe characteristics of
markets that affect both supply and demand, as well as additional instruments. The
covariates are included for two reasons. First, and most importantly, the assumptions
underlying identification of demand and supply functions may be more plausible after
conditioning on covariates. Second, covariates can make inference more precise.

The demand and supply functions are assumed to satisfy regularity conditions such
as continuous differentiability in prices, but are otherwise unrestricted. Specifically the
demand and supply functions are allowed to change freely from one market to the next
according to some stochastic process. We assume their expected values or population
averages, at fixed prices and instruments and conditional wn covariates, are well defined

gd(,pa Z|x) = E[qf(pa Z) |JCr = JC],

and

g(p.z|x) = Elgi(p, 2}| x, = x].

We also assume that these population averages are consistently estimable by averaging
the demand and supply function at specific values for the prices and instruments over all
markets with identical values of the covariates. Similarly, population-average equilibrium
price and quantity functions are defined as

P x)=Elpi(z)| x. = x],

and

4(z|x) = E[¢;(2)| x, = x].

In our application, ¢*(p,z) may be, for example, the demand function on Monday
December 6th, defined for all prices and weather conditions. One of the covariates in the
application is the day of the week. The average demand function, ¢( p, z| x) may be the
average demand functicn as a functicn of prices and weather conditions, averaged over
all Mondays.
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2.2, Instrumental variables assumptions

We begin by laying out the assumptions regarding the relationship between the instru-
ments and the heterogeneous and time-varying demand and supply functions. The first
assumption is:

Assumption 1. (Independence).

2 LG Py 2), 4P, D} g e

(Throughout the paper A 1l B denotes independence of 4 and B, and A1l B| C denotes
conditional independence of A and B given C.) Assumption 1 means that the demand
function evaluated at p and z should be independent of the instrument z,. In our appli-
cation, this amounts to assuming that although buyers and sellers come to the market
with a2 demand and supply function that may depend on the weather and prices, the
quantity demanded over the range of possible prices and weather conditions is indepen-
dent of the value of the weather conditions actually realized. In other words, the weather
is as good as randomly assigned given covariates.

An implication of this assumption 1s that

ZIJ.I_ {p?(Z), gf(z]} | Xis

for all z. Becanse the potential values of the equilibrium price pi(z) are independent of the
realized value of the instrument z,, the reduced form regression, that is, the average value
of the equilibrium price as a function of instrument and covariates, can be estimated by
averaging over markets with z, = z and x, = x:

P(z|x) = E[pi(@)| x, = x] = E[pi(z)|2. = 2, x, = x] = E[p{|2,= 2, x,= x].
Here the first and third equality are by definition and the second by Assumption 1. A
similar result holds for equilibrinm quantities:

4°(z|x) = Elgi()| x. = x] = Elgi(2)| 2. = z, %, = x] = Elq{|2,= 2, x,= x].

From this point on, we focus on the identification of the demand function. The
argument for identification of the supply function is analogous. As in linear simultanecus
equations models, a key identifying assumption is an exclusion restriction:

Assumption 2. (Exclusion).

4 (p.2) = ¢{(p, 2),
forall p, z, 2/, and ¢.

This assumption requires that, at any given price, there be ne effect of the instrument
on demand.” Given this assumption we can drop the instrument as argument in the
demand function and define ¢°( p| x) = ¢°( p, z| x) for all z.

2. A weaker version of this assumption, similar to the exclusion restrictions used in Hirano, Imbens, Rubin
and Zhou {1999), requires that
gl p. 2l 2.[ X, pi(2),

for all p and z. This version of the exclusion restriction highlights the fact that in models with covariates anly
conditional distributions need to be identical. For clarity of exposition, however, we use the stronger version of
the exclusion assumption.
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The next assumption requires the instrument to impact upon prices.
Assumption 3. (Nonzero effect of instruments on prices).
for some x, p“(z|x) is a non-trivial function of z.

This guarantees that average prices in markets with insttument z, = (+ and covariates
x, = x differ from average prices in markets with instrument z, = 1 and covariates x,= x,
at least for some values of x. Because the instrument does not shift demand by virtue of
Assumption 2, any change in equilibrium prices must come from an effect of the instru-
ment on the supply function.

The final assumption requires monotonicity of the equilibrium price in the
instruments.

Assumption 4. (Monotonicity).
For all pairs (z, z) either

Pr(pi(z)zpi(z')|x) = L,

ar
Pr (pi(2)Spi() | x) = 1.

Without this condition the weights in our weighted average derivative representation
of the instrumental variables estimand can be negative. In the standard linear model,
monotonicity is a consequence of the constant-coefficients assumption. More generally,
monotonicity requires that if for at least one market changing the instrument from z =0
to z = 1 increases the equilibrium price, then this change does not decrease the equilibrium
price for any other market.

Assumpticn 4 casts monotenicity in terms of the reduced form relationship between
prices and instruments. A version of this assumption based on the underlying structural
relationshups 15 given in the following result.

Lemma 1. If in all markets 1,

(i) demand functions gi( p) are decreasing in prices, and do not depend on the instru-
ment z,
(il) supply functions qi( p, z) are increasing in prices, and
(i1} for all prices

@(p, )Z(=)gi(p. 0),
then the monotonicity assumption is satisfied, and
p=(2)pi(0).
Proof. See Appendix. ||

Upward-sloping supply and downward-sloping demand functions are assumed in
most economic discussions of demand and supply. Manski (1995, 1997) considers the
implications of these assumptions in his analysis of bounds on demand and supply
functions.
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Although the assumptions of upward-sloping supply and downward-sloping demand
are common, the third requirement in Lemma | is less often made explicit. In our appli-
cation this assumption requires that on any given day, and for any price p, supply does
not increase when the weather gets worse. Note that supply need not actually decrease in
every market and at every price, as long as it decreases when the weather gets worse in
some markets for some prices, as required by Assumption 3. However, we rule out a
scenario with markets in which supply is high hecause the weather 1s bad,

3. MAIN RESULTS
3.1. Identification of average derivatives of demand functions

Next, we use Assumptions 1-4 to interpret differences in average quantities and prices at
different values of the instruments. The follewing theorem presents the main result.

Theorem 1. Suppose Assumptions 1-4 hold. Then the Instrumental Variables (IV')
estimand, defined as the ratio of the difference in average guantities traded at two values of
the supply instrument to the difference in average prices at the same two values of the supply
instrinent,

vy = LX) —401x)
B = i m-rol’

equals the following weighted average of the derivative of the demand function:

ﬁ*(x)=J E[%‘?i(p)
¢ I

i)z pzpi0),x, = x] o p| x)dp,

where the weights

Pr (p3(0) <p<pi(l)|x. = x)
fo Pripi@)<r<pi(l)]x,= x)ar’

are nonnegative and integrate to one.

o(p|xy=

Proof. See Appendix. ||

The result is stated for a given value of the covariates. In practice, it may not be
feasible to estimate separate slopes for all values of the covariates and cne may wish to
average over the cavariates. We return to this point in Section 3.5.

Theorem 1 describes the two types of averaging that characterize the instrumental
variables estimand in simultaneous equations models. First, there is averaging over some
of the markets at a given price. For any price p, only those markets whose equilibrium
prices pi(0) and pi(1) bracket this price p enter into the expectation. The implication is
that the more powerful an instrument is, the more markets will have equilibrium prices
bracketing any given price (as reflected in  the larger conditioning set
{2]|ps(0) < p<pi(1)}) and the more representative the [V estimand will be of the average
demand function at p. Second, there is averaging over different prices in the same market.
Averaging over different prices is reflected in the weighting function (). The weight
given to any particular price is proportional to the number of markets whose equilibrium
prices bracket this price.
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Because of the monotonicity condition, the weight function can be written as

Prip<pitD|x.=x) —Pr{p<pi(|x,=x)
[Pr (r < pe(1}| x, = x)} — Pr (r < pS(0)| x, = X))dr”

w(p|x)=

Note that
Pr{p<pi(1){x, = x) = Pr (p <pi(0)|x, = x)
=Pr(p<pilx.=xz,=1)-Pr(p<pi|x.= x,2=0),

and hence the numerator of the weight function can be estimated as the difference in the
empirical distribution functions of pf evaluated at p for all markets with z,= 1 and z, = 0.

An important aspect of Theorem | is that it does not require additive residuals, and
is therefore not tied to a specific functional form. To illustrate this point, consider the
corresponding  result in  logarithms. Let  §%z|x)= E[lng{(z)|x,=x], and
Fe(z|x) = Elln pi(2)| x,= x]. Then we have.

Corollary 1. Suppose Assumptions | -4 hold. The Instrumental Variables (IV') estim-
and in logavithms,
" 71| x) — §%0| z
ey = LA =70,
FUx)-p%(0]x)

equals:

“ [ p 34
E —A
er(p) ap 7

a weighted avevage of the demand elasticity, wheve

p-Pr (PN ZpZpi@Ix=x)
71/ P ()2 r2pi0)| x = x)dr

B = J pi)=p2pi0), x.= x] - @“(plx)dp,

0

&% plx) =

Proof. See Appendix. ||

Of course, if the demand elasticity 15 constant across price levels, so the logarithm of
the market-specific demand function, In ¢( p, z,), is linear in log prices with constant coef-
ficients, then the IV estimand is equal to this constant elasticity.

The results in Theorem 1 and Corollary 1 provide a clear causal interpretation for
the standard linear instrumental variables estimator using a binary instrument. Another
important issue is whether it is possible to identify other aspects of the average demand
function, or its derivative, under Assumptions 1-4. Let the demand function in market ¢
be g7(p), with equilibrium price function 7:(z). Note that the derivative of the demand
function in market ¢ appears in the weighted average, f*, only for values of p such that
FUOY=p=pi1). Now, suppose we change the demand functions from g¢(p,z) to
G% p, z) such that

=qip,2)  prO=p=pi(l),
#3Up,2)  pi@)y>por p>pil),

without changing the supply functions. The old equilibrium price functions F(z) still clear
markets, and therefore if equilibrium prices are umque, the new equilibrium price

Fip, z)l
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functions g;(z) are identical to the old equilibrium price functions: p(z) = gi(z) for all ¢
and p, and hence equilibrium quantity functions are also unchanged &;(z) = §:(z), for all
tand p.

25 T T T T T T T T T
30
15
£
£ 10f
a3
o
5_
0_
_5 I 1 1 J— I 1 I 1 1
0 2 4 & 8 10 12 14 16 18 20
price
FIGURE 1

Changing demand functions outside the range of equilibrium prices

Figure 1 illustrates this point in a simple example with. deterministic demand and
supply functions where the only stochastic component comes from the instrument. The
supply function is gi(p,z) = p+4- z. The first demand function is §7( p) = 20 —p. In per-
iods where z, = 0, the equilibrium price is 8 and the equilibrium quantity is 12. In period
where z, = 1, the equilibrium price is 10 and the equilibrium quantity is 10. The alternative
demand function is

24-3p  p=S,
gi(p)={20-p  8<p<l0,
15-5p  p=z=1l1.

Between the equilibrium prices the two demand functions are identical, and therefore the
equilibrium prices and quantities for any value of the instrument are 1dentical, so there
are no observable implications of the differences between the two demand functions.

In general, changing the demand function outside the range of equilibrinm prices
[eaves equilibrium prices unchanged. Hence the jeint distribution of instruments, equilib-
rium prices and quantities is not affected by the change from g‘f( p) to §% p). The new
distribution of demand functions is therefore ohservationally equivalent to the old distri-
bution, and differences between them are not identified. Therefore, we cannot identify
average derivatives of the demand function that depend on derivatives at prices not
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included in the conditioning set in Theorem 1, that is, prices such that p<pi(0) or
p>pi(l).

3.2, lilustrating the two types of averaging

This section uses two examples to illustrate the role played by nonlinearity and nonaddi-
tivity in determining the nature of the IV estimand under Theorem 1. In particular, we
discuss how f3*(x) is related to the population average demand function and its derivative.
For ease of exposition, we assume there are no covariates.

First, suppose that demand and supply are linear in prices and instruments but with
time-varying coefficients. As noted by Stoker (1993), such a model could arise as the
consequence of aggregating linear demand functions that differ across groups in the
population.’ Changes in the average demand slope over time would then be attributable
to changes in the distribution of the characteristics of buyers coming to market.

Corollary 2.  Suppose that Assumptions 1-4 hold, and that
qf(p) =Bt Ba-p,
q.:(p‘-‘ Z): At Oy p+ - 2.
Then

_ BB (P~ pUON] _ g 1, COVBu=0a/(@ia ~Ba)
E(pi(1) - pi(0)] ‘ E[~atn /{0ty — Bo)]

ﬁ*

Proof. See Appendix. ||

In general, the IV estimand does not equal the slope of the average demand curve,
E[B.]. Periods when p{1} — p:(0) 1s large get more weight in 8* than in E[f,].

If we assume that the supply function has constant coefficients, that is, &, = ¢, , and
0 = &> >0, then the covariance Cov{f},,, -, /(. — B,)) is positive, and the IV estim-
and f3* is closer to zero than E[f,]. The intuition for this result is that when f,, is high
in absolute value (demand is elastic), the price gap pi(1) —pi{0) = —o; /{0y — f3,1), which
welghts each derivative, is small.

Now, suppoese that demand is given by a noa-linear relationship, with the only source
of time-variation coming from an additive error term (as in, Roehrig (1988), Newey,
Powell, and Vella (1999)).

Corollary 3. Suppose Assumptions |-4 hold and the demand function can be written
as

¢i(p) = q(p) + £L.
Then

ﬁ*=f (b))
P

0

3. For example, the results in Graddy (1996} suggest that Asian and white buyers at the Fulton fish market
have different demand elasticities.
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with weights

__ Pr{pi®) <p<pi(l))
= I3 Prpi@ <r<pi(l))dr

Proofs. See Appendix. ||

Thus, when the demand function can be written as invariant across periods except
for an additive residual, fi* is a weighted average of the slope of the average demand
function, d4°( p)/dp. In this case, the slope of the demand function at a specific price
involves no averaging because ¢7( p)/op = d¢2( p)/9p at all prices p and for all markets
and 5. The weights reflect how likely the instruments are to shift the equilibrium price
from below p to at least p.

3.3. Choosing between two binary instruments

Both types of averaging in Theorem 1 are specific to the instrument,. Two binary instru-
ments can generate different 8%s, either because the demand function is nonlinear, or
because there 15 heterogeneity in the slopes of the market-specific demand functions. When
studying a specific policy question, one instrument may therefore be more valuable than
another, even if both are valid in the sense of satisfying Assumptions 1-4. We illustrate
this point here using a stylized example, focusing on estimation of a demand function
with no covariates, using a single instrument that takes on three values. In Section 6 we
apply these ideas to the Fulton fish market data.

Wholesale fish markets, like agricultural markets, are sometimes regulated, in which
case a researcher may be interested in the difference in average demand at different prices.
Consider comparing p = 3 versus p = 2, or B*=4“(3) — ¢°(2). As in our empirical example,
the researcher has a single instrument z, (say, weather conditions) that takes on three
values, z,€ {f, m, s} {fair, mixed, and stormy). Finally, suppose that in all markets the fair
weather equilibrium price is p7(f) = 1, the mixed weather equilibrium price is pi(m) = 2, in
half the stormy weather equilibrium price is pi(s) = 2 and in the other half the stormy
weather equilibrium price is pi(s) = 3. The average equilibrium prices are therefore
pify=1,p%(m) =2, and p(s) = 2x 1/2+3x 1/2=5/2.

The researcher has a number of options in this case. First, she could use only the
observations with fair or mixed weather. Based on Theorem 1, the binary instrument
making a fair/mixed contrast estimates

e _ 4°) ~4°0)

pm)—pE)

Alternatively, the researcher could decide to use only the mixed/stormy weather data.
The resulting instrumental variables estimand is

= Elg/(2) —¢/(D] = (D — ().

prve = LOZTE_ gy o)) pits) = 3.
p(s) - pi(m)

The unnormalized weight functions for these two strategies are shown in Figure 2 (solid
line for the weight function or 8™ and dashed line for ™). For ™ the unnormalized
welght function is

Pr(pi(D)ZEp)-Pripim=p)=1 for1=p=2,
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and 0 otherwise, while for 8™/ it is equal to
Pr(pi(m)=p)—Pr{p:(s)=p)=1/2 for2=p=3,

and ( otherwise. These differences in distribution functions can be estimated by the differ-
ences in the corresponding empirical distribution functions for the subpopulations with
the instrument equal to fair, mixed and stormy respectively.

If the demand function is linear in each market, that is, if qf( PY=PBe+ B, p forall
markets {, with possibly market-specific coefficients 4, and ., it follows that

BY™ = Elgi(2) — (1)) = E(Ba] = Elgi(3) — /(D)) = B,

and the first strategy identifies the price effect of interest 8*, though §™* would not
necessarily do so. If, on the other hand, the demand function is identical in each market
up to an additive shift &7, or ¢f( p)= g*(p) + £, then

B™" = Elqi(3) - 4/ |pits) = 3]
= El¢°3) + £/ - 4" -~ £{1= ¢°3) — ¢"(2) = B*,

and the second strategy identifies the price effect of interest. If demand functions are
characterized by additive shifts as well as linearity in prices then both approaches identify
the same price effect, f*.

If demand functions are neither linear nor additive, the researcher must choose
between Y™, which is a population average derivative but at the wrong prices, and ™,
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which is the average derivative at the right prices but averaged only over a subset of the
population of interest. Alternatively some combination of these estimates might be used.
Two pieces of information are available to inform this decision. First, the difference
between estimates based on different valid instruments is informative about the amount
of nonlinearity and heterogeneity in demand functions. [t would therefore be useful to
know that the alternative IV estimates are close. Second, as in the above example, the
weight functions are informative about the range that each IV estimator covers.

One implication of this discussion concerns the interpretation of over-identification
tests for the validity of instruments. Such tests typically rely on comparisons of estimates
based on different sets of instruments {e.g. Hausmann {1978)). In the current setting these
tests could be performed by comparing 8™ and ™. Traditionally, significant differences
have been interpreted as evidence of violations of the instrumental variables assumptions,
that is, of the independence or exclusion assumptions. This discussion suggests that differ-
ences between BY™ and B™° can also arise from non-linearities and heterogeneity in
demand function, even when all instruments are valid.

3.4, Multipie instruments and two-stage-least-squares

The example above involved a comparison between estimands each based on a single
binary mstrument. Often researchers use multi-valued or multiple instruments, combined
in a two-stage-least-squares procedure. In the first stage of two-stage-least-squares esti-
mation a single instrument is constructed based on the projection of the endogenous
regressor (price in our application) on a set of instruments. In the second stage, the instru-
mental variables estimator is obtained as the ratio of the covariance of the dependent
variable and the constructed instrument to the covariance of the endogenous regressor
and the single constructed instrument. In this section we explore the interpretation of such
procedures n the framework developed in this paper. Multiple, or multivalued, instru-
ments add an additional layer of averaging. In addition to averaging over markets and
prices, we now average over nstruments. For ease of exposition covariates are ignored in
this section.

We start by considering the case with discrete instruments. In that case the number of
instruments is immaterial-—only the number of distinct values of the vector of instruments
matters. Let {z°, ..., 2"} denote the set of possible values for the instruments. We assume
that Assumptions 1-4 hold for all pairs (5, z'). Without loss of generality, let the points
of support be ordered by the value of the expected equilibrium price, that is
PEY= Pz for all k. Define the IV estimand for each pair of instrument values

7 -g¢)
() - p()

This instrumental variables estimand can still be interpreted using Theorem 1.

ﬁz",z" _

Corollary 4. Suppose Assumptions 14 hold for the pair of instrument values (2*,2')
with pi(Z"V = pi(z"). Then

b ol = a f ke ayg I
g :J E[i(p, z) | P2 ) Ep =Pz )] - o( p)dp, 3)
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with non-negative weights

_ Pr(pie)=p=pi))
D)= b (o) =r =i

that integrate to one.
Proof. See Appendix. ||

Now consider the mstrumental variables estimator based on the ratio of the covari-
ance of equilibrium quantities and some function g(-) of the instruments, to the covari-
ance of equilibrium prices and the same function g{ - ) of the instruments:

Caov{g;, 8(2))
A SLE-A2 4
A Cov (7, g(z.)) @

The function g} may be based on a first stage regression of prices on a set of instruments,
or any other function of the instruments. Estimation of g(-) does not affect the probability
limit of the estimator, although it may affect its distribution. The following theorem gives
an interpretation for 87 in nonlinear, heterogenous models.

"Theorem 2. Suppase Assumptions 1-4 hold for all pairs of instruments (25, 2'). Then
ﬁg = Zf: . lfc i ﬁzk—l,zki
with
(P -pE" ) T S (8@ - Elgz)])
Yo (PEY = @Y B 1) (a2 -~ Elg(z)])

where [,(z) is the probability mass function of the instrument.

k:

Proof. See Appendix. ||

The weights in this case, A,, are non-negative as long as ordering the instruments by
expected equilibrium price simultaneously orders the instruments by the value of g(z).
This happens, for example, if g(z) = p°(z). Note also that the weights are proportional to
the first stage impact on prices at each successive contrast.

We have worked with discrete instruments so far. Now et demand, supply, equilib-
rium price and quantity functions and their expectations be continuously differentiable in
a continuous, scalar, mstrument z. In this case, monotonicity requires that the derivative
of equilibrium price functions with respect to the instruments, at any value of the instru-
ment, be either non-negative or non-positive for all markets. Define the limit of the binary
mstrumental variables estimands as follows

B(z) = lim B> 7.
gzlo

Theorem 3. Suppose Assumiptions 1-4 hold for all pairs of values of the instrument.
Then

gt
B(z) = E[ai(pf(z»}-
4

Proof. See Appendix. ||
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Now consider the ratio of the covariance of equilibrium quantities and some function
of a continuous instrument to the covariance of equilibrium prices and the same function
of the instrument, as in equation (4). The following theorem provides an interpretation
for this estimand.

Thearem 4. Suppose Assumptions 1—-4 hold for all pairs of values of the instrument.
Then

. Covigl,g(z) _ ]
pre LD [ 20
with weight function

ap®
dz
ape )
J 3 (v} f (g(») — Elg(a.)] - fA y)dydv

¥

{(z) J () — E{g(z)l} fA y)dy

A(z)=

Proaf. See Appendix. ||

Again, the weights A({z} in this result are non-negative if g(z) is equal to the expected
value of the price given the instrument. In the standard linear simultaneous equations
model the choice of g(-} is usually determined by efficiency considerations, since different
choices of g{-) in that context all estimate the same quantity. Here different choices of
g(-) correspond to different estimands.

3.5. Estimarion with covariates

One simple approach to controlling for covariates (s to carry out the analysis separately
for all values of the covariates and then report averages using the marginal or some
conditional distribution of the covariates. With a small sample and detailed covariates
such an approach is unlikely to be satisfactory. We therefore incorporate covariates by
assuming that they enter the average equilibrium price and quantity functions additively
and linearly,

Assumption 5. The average equilibrium price and quantity are linear and additive
in covariates.

PE|X)=pi@) + 7, x,

9| = gz} + 7, x.
This assumption can be used to justify standard estimation procedures where in a
first stage the endogenous regressor (price in this case} is regressed on the instrument and

covariates, and in the second stage the outcome {(quantity in this case) is regressed on the
predicted price and covariates.

Lemma 2. Suppose Assumptions 1-5 hold. Then the ratio of the expecied value of the
nsirument coefficient from a linear regression of the quantity on the instrument and
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covariates to the expected value of the instrument coefficient from a linear regression of the
price on the instrument and covariates Is equal to

P ZpZpi(z), x, = x |- @ p| x)dp,

[
0 P

and does not depend on x.
Proof. See Appendix. ||

The most natural way to motivate the additive linear structure in Assumption 5 is
through linearity and additivity assumptions on the market specific demand and supply
functions. In the application, we apply Assumption 5 to a model in logarithms.

4. ADDITIVITY AND LINEARITY IN TRADITIONAL SIMULTANEQUS
EQUATION MODELS

4,1, Additive residuals

This section explares the relationship between the approach in Sections 2 and 3 and stan-
dard simultaneous equations models (SEM), which present critical assumptions in terms
of observed variables and unobserved residuals. Our starting point is a set of unrestrictad
demand and supply functions ¢{( p, z) and ¢;( p, 2}, allowed to vary freely across markets.
Alternatively, we could write ¢*( p, z; €% and ¢'(p, z; €2) and formulate assumptions in
terms of the properties of the residuals £7 and € as in the traditional SEM. This raises
the guestion of what exactly these residuals represent in our framework. Most discussions
of SEM assume an additive model for residuals.

Assumption 6. (Additive residuals).
4. )= p, 2| x) + £,
g (p.2}= g (p. 2| x} + €,
at all prices p, instruments z and for all markets 7, where &7 and & are defined as
gi=gi— g (plzlx), &l =gl -4 (piz|x).
By definition, the demand residual satisfies
a(p.2) = ¢'(p, z|x) + €1,

at (p, 2) ={p;, z,). The additivity assumption requires this equation to hold at all other
values of the instrument and prices as well. Additivity therefare restricts the cross-market
heterogeneity in demand and supply functions, implying that the slope of the average and
the market-specific demand functions are identical.

Given additive residuals, our independence assumption {Assumption 1) is equivalent
to the following textbook version:

Asswmption 7. (Independence}.

(el £ # z,| x..
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Without additive residuals, however, the residuals defined as &f = g7 —¢“(pf. z.| x.)
and £=4q;—¢'(p;, z.|x,) do not necessarily have this property. Consider the following
example:

q(p, )= Co+ 0 p+ sz,
4 p, 2= Bo:+ Bue p-

Let fq and f,, be independent of z, with expectations EQ and EL. Using the definition
above the two residuals are

and

&= BorBo (e =B0) i = BB+ By (200, )
Bi-oy Bi.—o
Unless f3,,— B = 0, this residual is not independent of z,.

The assumption of additive residuals is difficult to assess because it is closely tied to
functional form. Assumptions formulated in terms of residuals as defined above typically
do not remain valid after transforming the dependent variable. For example, if the model
is additive in levels, it cannot be additive in logarithms and vice versa. Roehrig (1988)
recognizes the importance of this issue, without providing any solutions: “For once one
is willing to recognize the nonlinearities of the real world, one must begin to question the
assumption of a simple additive error term that is distributed independently of the exogen-
ous variables. This paper provides some definite answers under the assumption of such
an error term but does not address the validity of this assumption.” (p. 447)

The assumption of additive residuals can sometimes be tested in our framework.
Consider a variation on the example in Section 3.3 where ze {f, m, s}, pi(f) = 1, pi(s) = 2,
and Pr{pi(m) = 1} = Pr(pi(m) = 2) = 1/2. Then

¢"(m) — 4°(f)

= E[g%() — ¢7(D)| pim) = 1],
%) (D) CAGREAGIVACIESY

ﬂf{m =

and

_ ¢(s) —¢*(m)

= E[4:(2) — /(1) | pi(m) = 2].
2G) - p(m) [47(2) — 4/(1) | pim) = 2

ﬁm)’s

Both instruments move half the markets from an equilibrium price equal to 1 to an equi-
librium price equal to 2. However, the markets they affect are different. With the fair/
mixed imstrument the markets averaged in the estimand are those with pi(m) = |, while
with the mixed/stormy instrument the markets averaged are those with pi{m} = 2. With
additive residuals, the conditioning set does not affect the estimand and the two estimands
are identical, Testing the equality of the estimates based on the different instruments can,
conditional on the validity of the instruments, be interpreted as a test of additivity.

4.2, Linear simultaneous equations models

A second component of the traditional framework is linearity.
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Assumption 8. (Linearity in prices and instraments).
gi(9, )= B+ Bu p+fa 2,
g P, 2)=Cp+ 0y p+op-z

A third commonly used assumption requires the effect of covariates to be additive
and linear in the structural equations.

Assumption 9. (Linearity and additivity in covariates).
g(p, 2| x)= g5 p. 2) + B3 x,
q(p, z|x)=go(p, 2) + €3 - x,

An implication of linearity and additivity is summarized in the following lemma.

Lemma 3. Suppose Assumpiions 6, 8, and 9 hold. Then the demand and supply equa-
tions have the form

gi(p,2) = Po+Brp+Paz+Ps x, +£7, (5)
P, 2) =t 0 - p+ 0y 2+ 0 X +E (6)

Proof. See Appendix. ||

The nonlinear models considered by Roehrig (1988) and Newey, Powell and Vella
(1994), relax the linearity assumptions (Assumptions 8 and 9) but maintain additivity of
residuals (Assumption 6).

How does the textbook model fit our framework? Maintaining the LSEM assump-
tions 8-9, the earlier assumptions 1-4 can be reformulated in the textbook form as
follows.

Assumption 10. (Exclusion). The coefficient on the instrument in the demand func-
tion, 3., equals zero.

Assumprion 11. (Nonzero effect of instruments on prices). The coefficient on the
instrument in the supply function e, differs from zero.

Lemma 4. (Equivalence)

(1} Given Assumption 6, Assumption 7 is equivalent te Assumption 1.

() Given Assumptions 6, 8 and 9, Assumption 10 is equivalent to Assumption 2.
(iil) Given Assumptions 6, 8, 9 and 10, Assumption |1 is equivalent to Assumprion 3.
(iv) Given Assumptions 6, 8 and 9, Assumption 4 is automatically satisfied.

Proof. See Appendix. ||
Note that in textbook discussions, Assumptions 7 and 10 are often combined in a

single assumption requiring that €7 be independent of z, in a demand function that already
omits the instrument as an argiiment.
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5. THE DEMAND FOR WHITING AT THE FULTON FISH MARKET

5.1. The Fulton fish market

Fish is sold by about 35 different dealers at the Fulton fish market, although only six of
the dealers regularly sell whiting. There are no posted prices, and each dealer is free to
charge a different price to each customer. Dealers can leave the Fulton market and new
dealers can rent stalls, although in practice this happens rarely and did not happen over
the sample period. The buyers at the Fulton market generally own retail fish shops or
restaurants. '

Whiting is a good choice for a study of the wholesale fish market because more
transactions take place in whiting than almost any other fish. Whiting also vary less in
size and quality than other fish. Finally, there is probably very little substitution between
whiting and other fish. Whiting is a very cheap fish in large supply that is oily and distine-
tive tasting. Other fish would rarely be sold at a low enocugh price and in sufficient quantit-
Ies to be attractive to retailers or restaurants as a substitute for whiting.

The data used in Graddy (1995) were obtained from a single dealer who supplied his
inventory sheets for the period December 2nd, 1991 through May 8th, 1992. Total price
and quantity for each transaction are recorded on the inventory sheets. These data are
supplemented by data that were collected by direct observation from the same dealer
during the period April 13th through May 8th, 1992. For this study, the prices and quan-
tities are aggregated by day, for the 111 days the market was open between December
2nd and May 8th. The price variable used below is the quantity-weighted average daily
transaction price for the dealer observed. The quantity variable is the total quantity sold
by this dealer on each day. Table | presents summary statistics for the data used in this
paper.

Every day the demand for fish at the Fulton fish market is determined partly by
which customers decide to visit the market that day, as well as by how much they buy. A
number of customers visit the market every week on Mondays and Thursdays, and other
customers may visit the market every day of the week. Quantities purchased by individual

TABLE |
Sunvmary statistics (111 Obs.)
Variable mean s.d. min max
log (average daily price) -0-19 038 -1-11 .66
log (quantity) 8-52 074 619 998
Stormy 0-29 044 ] 1
Mixed 031 0-46 ] 1
Fair 0-41 (49 0 1
Rainy on shaore 016 0-37 4] 1
Cold on shore 0-50 0-50 ] 1
Monday 019 039 0 1
Tuesday 021 0-4] ] 1
Wednesday 019 0-39 1] 1
Thursday 0-21 0-41 0 1
log {minimum daily price) -0-57 0-33 -2-30 041
log {maximum daily price) 0-06 0-31 —0-51 0-92
log (median daily price) -0-20 0-41 -1-39 0-69
Daily price range 048 0-28 0:00 2:00

Notes: Prices and quantities are daily observations for whiting at the Ful-
ton fish market. Prices are dollars per pound and quantities are pounds
pet day.
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wholesale customers with potentially different demand functions are aggregated to pro-
duce the daily aggregate demand for fish. Aggregation is therefore one source of shifts in
potential demand over time. For example, Graddy (1995) presents evidence which suggests
that Asian buyers have a more elastic demand for fish than Whites and that the ethnic
mix of buyers changes from day to day.

We begin our analysis with a demand function for the quantity demanded by cus-
tomer ¢ on day ¢

g2l p)-
The subscript ¢ ranges over the list of customers who ever visited the Fulton fish markat
during our sample period (¢ =1, ..., C). The total demand for market ¢ is

94 p) = X  4i ().

There are two complications in applying the methods discussed in this paper to the fish
market data. First, not all buyers pay the same price per pound of whiting. We ignore
this complication and assume that all buyers on the same day pay the same price p?,
constriucted as the average of the individual transaction prices weighted by the guantities
traded

pf = Ef: lpfc ) qfcxzf; 1 qfc-

Second, we only have data for one of the dealers. We assume that this dealer has a
constant share of the market, so we can analyse his quantities as if they were market
qilantities.

5.2. Reduced-form estimates

Tables 2 and 3 report reduced-form estimates of the relationship between log prices and
quantities and weather conditions. These are estimates of the functions p(z, x) and 4°(z, x}
for various choices of instruments and covariates. The dummy instrument, Stormy, indi-
cates wave height greater than 4-5 feet and wind speed greater than 18 knots. A second
dummy instrument, Mixed, indicates wave height greater than 3-8 feet, wind speed greater
than 13 knots when Stormy equals zero, Wind speed and wave height are moving averages
of the last three days’ wind speed and wave height before the trading day, as measured
off the coast of Long Island and reported in the New York Times boating forecast.

The reduced-form results show that Stormy is a statistically significant determinant
of both the price and quantity of fish sold at the Fulton market. Stormy weather decreases

TABLE 2
Reduced form estimates for fog quantity (111 Obs.)
Variable caef {s.2.) coef (s.e) coel (s.e.) coef (s.2)
Starmy -0-36 (0-15) —-0-38 (-15) —~)-45 (0-08) -(-43 0-17)
Mixed —0-20 (0-17) —0-10 0-16)
Monday 012 (0-19) 0-11 (0-19)
Tuesday —0-46 {0-19) -0-45 (G-19)
Wednesday —0-54 {0-20} —0-53 (0-20)
Thursday 0-07 {0-16) 007 (0-16)
Good weather on shore 009 0-15) 0-08 {017)
Rain on Shore —0-03 (0-14) —0-02 (0-14)

Note: All covariates and instruments are dummy variables.
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TABLE 3
Reduced form estimates for log price (111 Obs)
Varizble coef (5.2} coef {s.e} coefl’ (s.e.} coef {s.e.)
Stormy 0-34 {0-07} 031 (0-08) 0-44 (0-08) 0-42 (0-08)
Mixed 0-24 {0-08) 023 (0-08)
Maonday 12 (0-11} =011 (0-11)
Tuesday —-06 {0-11) 08 {0-11)
Wednesday -0-03 {0-11} 006 (0-11}
Thursday 0-04 {0-11) 0-03 {0-11)
Gaad weather an share -0-02 (0-10) =001 {0-09}
Rain on shore 0-08 (0-07) 006 {0-07)

Note: Standard errors are reported in parentheses.

the quantity and increases the price. The covariates are not significant in the price equa-
tion, but they do show that the quantity traded on Tuesday and Wednesday is significantly
less than that traded on other days of the week. The coefficients on Mixed and Stormy
are increasing in absolute value, and jointly significant.

5.3, Estimates of the average elasticity

The next table reports estimates of the weighted average demand elasticity. The first col-
umn reports estimates of

_ 4s) ~4°(s)
F(s)—p(ns)’
We also present estimates comparing fair and mixed, and mixed and stormy weather:
arm _ 4°(m) — () fm 4°(s) —§°(m)
Fm) — 5 () 5s) ~pm)’
respectively. Note that these estimates also correspond to the instrumental variables esti-
mates of B, in a standard setup with the demand function equal to

Ingé(py=Po+p, Inp+e’,

using only observations with z, = z and z, = 2’ and using the binary indicator for z, =z’ as
the instrument.

Table 4 shows estimates of A(z, 2, x) for the same combinations of z and 2z’ as before.
The covariates include indicators for days of the week and for weather on shore. These
estimates are numerically identical to the instrumental variables estimates of @, in text —

ﬁn,s,s

TABLE 4
Instrumencal variabies estimates of demand funetion
Stormy/Not-stormy ) Fair/Mixed Mixed /Stanmy
Sample size 11 9 66
Av. price effect —108 (0-48)  ~1-22 (0-55) —0-85 (070) ~031 {0-59) ~124 (097 -126 {(08T)
Monday -003 (017) 613 {0-21) —0-00 (0-34)
Tuesday 053 (0-18) -0-54 (0-20) 051 (0-30)
Wednesday -0-58 (0-20) ~0-69 {0-18) 054 {0-28)
Thursday 012 (018) -0.03 ((-19) 026 (0-24)
Weather on shore 047 (0-16) —0-02 ((-1%) 009 {327}
Rain on shore 0-07 (0-16) 0-23 (0-24) —3:22 {0-17)

Motes: The excluded instruments are shown m the column headings. Standard errors are reported in parentheses.
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TABLE 3

Two-stage-least-squares estimates of dewmand function with storvny
and mixed as tnstruments

Variable est. {s.e) est. {s.e)
Av. price effect ~1-01 {0-42) 0947 (0-46)
Monday -0013 (0-18)
Tuesday -0-51 018)
Wednesday ~()-56 017
Thursday 0:10 017
Weather on shore 002 (0-18)
Rain on shore 007 0-16)

Note: Standard errors are reperted in parentheses.

baok versions of instrumental variables with the demand function equal to

Ingi(p)=PBo+Bi-Inp+Ps x+e,

again using observations with z, = z and z, = z* and using the indicator for z, = z" as the
instrument. Note that under the additivity assumption (Assumption 5) the value of
ﬁ(z, z’, x} does not vary with x.

Table 5 presents two-stage-least-squares estimates using both the stormy and mixed
instruments, with and without the additional regressors. These estimates are close to those
based on the single instruments, with slightly lower standard errors.

Table 6 provides some evidence on the robustness of the results. First we replace
average daily prices with the minimum, maximum, and the median of daily prices. Second,
we split the sample by period and transaction volume. The estimates do not vary much
across specifications.

5.4. Choosing between different instriaments

This section discusses the choice of instruments. Figure 3 plots the three empirical log
price distribution functions, estimates of F.( p) = Pr (log pi(z}=p), for ze {f, m, s}. The dif-
ference between these distribution functions, presented in Figure 4, is equal to the unnor-
mahzed weight function for the estimands corresponding to using the fair/mixed data
only {solid line}), and using the mixed/stormy data only (dashed line}). In addition the
estimated demand functions for each of the two subsets of the data are presented in this
figure, assuming linearity. The estimated slope of the demand function in these two cases
is —0-85 and —1-24 respectively.

TABLE &
Instrumental variables estimates of demand funciion using stormy/not stormy as instrument (alternative specifications)
Min Price Max Price Median Price Fitst Half Second Half Low Vol. High Vaol.

Sample size 111 Il 11 56 33 55 56

Brice —146 (087 129 (@54 —115 (05 —187 (@82 —127 (079  -10a (1-10) -1.52 (@059
Man, 018 (021)  —004 (0:20) —0-04 (018) —O14 (02T} —000 (024 009 (036 —0-15 (0-29)
Tue —0-47 (0:26) 050 (0-20) 054 (019)  -063 (027} 053 (03 028 (029) 076 (©-24)
Wed —0-43 (022) 058 (017) 056 (017) -068 (@37} 052 (015 040 (033 085 @25
Thur 027 (022} 007 (O18) 013 (0-18) 0% (024) 032 (024 032 (047) —0-11 (0-16)
Weath. -0-06 {0-19) 008 {0-18) 006 (0-15) 013 (0.3 0407 (018 -0.04 {038) 16 (019
Rain 030 (0-26) 003 16 009 (016 015 (017 021 (020) 01l (023) 011 (034)

Notes: The column headings describe alternative choices of endogenous regressor and subsamples. Standard errors are reparted
in parentheses.
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The fair/mixed and mixed/stormy weight functions capture different price ranges.
The fair/mixed instrument estimates a weighted average of the demand function with
most weight attached to prices between 35 and 100 cents per pound (log prices between
—}-6 and 0-0). The mixed/stormy instrument estimates a weighted average of the demand
function with most weight attached to prices between 82 and 150 cents (log prices between
—(+2 and 0-4). Neither instrument captures more than about a third of the total number
of markets at any particular price. (Recall that the height of the unnormalized weight
function at price p is an estimate of the proportion of the markets where equilibria span
p). The estimates may be of little value for predicting effects in markets where weather
conditions affect prices below 50 cents or above 150 cents, or in markets where weather
does not affect prices. On the other hand, the fact that the alternative estimates are reason-
ably close suggests that heterogeneity in demand may be limited.

6. CONCLUSION

This paper investigates the consequences of relaxing additivity and linearity assumptions
in simultaneous equations models. We show that without these assumptions, instrumental
variables methods still estimate weighted average derivatives of the functions of interest,
Averaging is across markets and aloeng the nonlinear demand and supply function. The
exact nature of the averaging depends on the relationship between the equilibrium prices
and the instruments. The estimated weighted average therefore depends on the instrument
employed. On the other hand, much can be learned about the range of price vartation
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underlying each estimate, and the proportion of markets affected by the instrument at
each price. These results are obtained by formulating the simultaneous equations model
in terms of demand and supply at different prices and instruments, rather than in terms
of functional-form specific residuals. We illustrate the assumptions and theoretical results
by estimating the demand for Whiting at the Fulton fish market.

APPENDIX
Proof of Lemma 1.
Without loss of generality suppose ¢'( g, 2z} Z i p, 2') for all p. Define the excess supply function

el(p,2)= ¢ip, ) 4l p).

By definition of the equilibrium. price p;(z),

el piz),2)= 0
By assumption 47{ g, z)Z 4i{ p, z'), 50 that '

HCACSRI LR HC AN R A A CONIRT AT AR RS AT ACS ALl
Hengce,
& (pi(2). 2) -~ e pi(Z ), ) =0
Using a mean value theorem, with § between pi(z} and pi(z’), we have
de;

e pi(e), 7)) —el( pil@), 2) = g(ﬁ, Y- (Pl —pl(zh Z0
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The derivative of e( p, 2} with respect to g 18

de! 3 ag?
el i L P L) 0,
2 (p.2) a (p.2) 3 (r=

implying that
LACSET G R

Praof of Lemma 2.
First consider the ratio

4’0 x) ~ 4@ x)

F9= ey

By Theorem 1 this is equal to

) a ;
J E[id(p, 2
[ dp

All we therefore have left to prove is that 8*(x) does not depend on x and that it is equal to the ratic of reduced-
farm slope coefficients.
Consider ¢"(z|x) and p’(z|x). By Assumption 3 this is equal to

P Zp D), X = x| - w0 p| X)dp.

§z[x)=ga(2) + ¥, X,
and

piztx) = po(2) + ¥, x,
respectively. Substituting this in A*(x} gives

e _ 260~ g5(0)
A= ) -y

which praves the claim that 8(x} does not vary with x.
Finally, consider again g°(z| x). With binary z, and using Assumption 5, this can be written as

Elg[2,x] = 4] x) = 452} + 7o x = 450} + 2 (a(1) — 5O + 74 x,

demonstrating that the coefficient on z in this linear regression is equal to the difference (g5(1} — 45(0). ||

Proof of Lemma 3.

By additivity of the residuals we can write the demand function as additive in the average demand function and
the residual

g7p 2y =97 p, 2| x) + £,
far all z and p. By linearity in prices and instruments we can write the demand function as
4P 2)=Pu+Pu-pt Pz
for all z and p. Combining these two assumptions implies that we can write the average demand function as
¢, 2| ) = Bolx) + Bul) - p + Ba(x) - 2.

Combining this with the assumption of linearity and additivity in covariates implies that §,{x) and f,(x} do not
depend on x and we can write the average demand function as

qd(pazax):ﬁ0+ﬁl'p+ﬁ1'2+ﬁ3‘x-

Hence the demand function is

Qf(ﬂﬂ}:ﬁo*'ﬁl‘P*ﬁz'Z'*'ﬁ:'Xr*'é‘f-
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At the observed prices and instruments we therefore have
Qf: ﬁﬂ+ﬁl ‘P:"'}Gz' 2;+ﬁ3 ' xr+€:11
and similar for the supply function. ||

Proaf of Lemma 4.

(1) Given Assumptions 6, 8, and 9, Lemma 3 implies that the demand and supply function can be written

4l (p,2)=Pa+ By p+Py 2+ Py x4 el

G P 2= Qg+ Oy - pH O 2+ 0 X, + £

Condidional on x, the only stochastic component of the demand and supply function is the pair of residuals
(€2, €9). Independence of the demand and supply functions of z, is therefore equivalent to independenca af the
residuals and z,, proving the first part of Lemma 4.

(i) The difference ¢i{ p, z) —47(p, ') is under these assumptions equal to ;- {z — 2}, which can only be
zere if @2 = 0. This proves the second part of Lemma 4.

(iii) The equilibrium. price at z = ¢ and 2 =1 are respectively

pf(O):ao_ﬁo+x,-al_ﬁl+£ -
i ] Bi-a Bi-
pty= Lo Bo =B by BB el
Ji PR ﬁl [+1] Bi—a B

If these are to be different for any period it must be the case that e, — 3; differs from zero. Since Assumption
10 establishes that ez, = 0, it must be the case that f, differs from zera. This establishes the third part of Lemma
4, )

(iv} The difference between p7(1) and pi(0) is (o2 — B2)/(B, — a1} It does not change sign from one periad
to the next because the coefficients are fixed. This proves the final part of Lemma 4. |

Before proving Theorem |, we state an additional lemma.

Lemma 5.  Suppose Assumptions |—4 hold with p;(z')Z pi(2). In addition let g,(-} be any cammmusly differ-
entiable function. Then:

Elg. (o2 )} -2 pe(zN| % = x]

* 2=
= El =
L [B‘p )

Pz <p <3, x;=x] Pe (i) < p< i) %, = x)dlp.

Froaf of Lenmma 5.
The expected difference E[g.4 p3(z')} — 2.0 pi(2)}| x, = x] can be written asg

=]

EU ag’(p) Lpiz)<p < pi

Elg (01 ) — 8 pieN | 2 = x}= E J a—(P]dP
sz AP

-

5= x|y

e a )
f E{gm L{pitz) < p < piCZ

o

Pr{pi(z) <p<pi)x. = x)dp. |

iz <p=pi(z'), x,—x]
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Proof of Theorem |.
First apply Lemma 5 with g.{p) = p to get

o
52, )~ p°(z, x} = E[pi(2') —pi (2)| x, = 5} = J Pr{ pilz) < p<pi(Z ) x, = x}dp.
a
Secand, apply Lemma 3 again with g.( p) = 47 g} to get

Elg/(piz' )~ 4: (pi{2) | X, = 5]

[ ot

Finally, taking the ratio of these two differences gives

§E |0~ g'Clx) J * E[ai‘f
P10 - peln) a

=J E[gi?(p]
o i3

plzy<p=piz), x =x} “Pr{pilz) < p<pi(')| x = x)dp.

Pr{fi{z) <p<pi(Z)|x,=x)
o Pr{pi@) <p<piz)|x = x)dp

p:(z')zpszz),x,:x]

1]

P YzpEpz), x = x} ‘o{p, 2.2, xdp. ||

Proaf of Theorem 2.

o

Carresponding to each pair of instrument values (2%, 2} there is an instrumental variables estimand §°°. These

K(K +1)/2 estimands are related through the equality
(P - B = (P -2} B+ (2 w) - P2l B
far all triples (v, w, z). Because
Py -

we can write
() = ¢ )+ 7 () ),
and substituting sequentially, this leads to
) = )+ Lo (BT (B T
The IV procedure estimates

_ Covighgz)) _ Elgf (5z) ~ Elg(z)
Cov (g, g@))  Elpi-(a(z) - Elg(z)))

e
First cansider the numerator:
Elgt-(g(z) ~ Elg(za = X £1(2) - Elgflz, = 2] (o(z") — Elg(z)])
=31 o () Elgil 2 (2(z) - Elg(z)))
PR S T BT () T (g — Elg(E])
= B BT () T W B S @)~ Elg(z).

The factor multiplying 2" "*" is the numeratar in A,. Similarly the denominator E[p?- {g(z,) — E[g(z,)])] can be
shown to be equal to the denominator in A.. The weights A, then clearly add up ta one. ||

2

Proaf of Thearem 3.

Take the limit of the two components of equation (3) separately. First:

. aq° . . : .
lim, E[aid(p, z)|pilz+day=p %p:(Z)] = E[aid(pa 2| pe(2) :p}
P ap

FzL0
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Second the weights:

i ) <ty P OSPE )
B e [P P (pi Y= p=pie+ dedp

Then taking the ratio of the twa gives the desired result. ||

= fren (p)-

Praaf of Theorem 4.
By definition,

py = lin LEH = EO 3 /ap

d,,mp (2 +dz) - p'lz) 9z

and therefore we can write
z a L3
4G~ 4'(20) = J B (.
™ z
MNaw
Elg°(z.) - (g(z) — E[g(zD] =0,

and hence

Elg(z.}- (g(z) — Elg(z)]) = E[(g'(2) — 4°(20)} - (8(2) — Elglz))

o z a L
=f J AL () (a() ~ Elg/. vz

o0

=I B(y)- —(y)J (g(2) — Elg{z ) fu(z)dzdp.

A stmilar caleulation for E[p°(z,) - (2(z,) — E[g(z)]) completes the argument. ||

Praof of Corollary.

The corallary can be praven along the same lines as Theorem [ with first applying Lemma 5 with g(p} =1n (2
and then applying the same lemma with g,(p) =1ng7(p). ||

Proof of Carollary 2.

The instrumental variables estimand is in this case without covariates equal to

) -4

= P -p*0)

Cangider first the numerator. It can be written as
g°(1) = ¢"(0) = Elgi(1) - 450 = Elg?( (1)) i (20N
= ElBw+Bu pi(1) ~ (B + B - PO}
=Ba - (1) ~ ).

By assumption the denominator is equal to E[p7(1) — p7(0)]. This proves the first equality.
The two equilibrium prices are equal to

pf(o):L'_-B‘“’
ﬁll_all
a!
pily= Sn=be, _an

ﬁ ¥ ﬁr] 05:1
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and their difference is

E " - e
P B0 =
so that
As- E[ﬁu'gpf(l) :pf(ﬂ))] - B LLov (ﬁ:,pf(l]:Pf(O)):E[ﬁ“HCOV B —052:/(051:_131:)}‘ |
E[p:(l) _Pr(o)} E[pr(l) _Pr(o)] E[—Q’.'z,/(a[, - 161:)]

PBraaf of Carallary 3.

If the demand function is additive in a function of price and a period specific component the derivative with
respect ta the price is, d¢*/dp( p), common to all periods. The only averaging is then aver the periods with the
equilibrium prices bracketing p, leading to the IV estimand

ﬁ*zréz’( ) P A@<p<p)
o W S Pr(pi0) <r<pi(L)dr

Proof of Corollary 4.

This follaws directly from Theorem |, applied at each pair of values of the instrument. |
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