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Abstract

This paper considers anew the simultaneity problem that arises when
observations of transactions are used to study the demand behavior of price-
taking consumers. Simultaneity is shown to be a problem of censored outcomes.
This fact is used to obtain a basic negative finding on identification in the
absence of prior information on the structure of demand or the process of
price determination. Then the assumption of downward sloping demand is
imposed. The main result of the paper is a proposition showing that this
assumption has considerable identifying power. An empirical illustration is

provided.



1. Introduction

This paper considers anew the simultaneity problem of econometrics.

simultaneity problem arises when observations of transactions are used to
study the demand behavior of price-taking consumers or the supply behavior of
price-taking (or quantity-taking) firms. It arises when observations of the
outcomes of games are used to study the reaction functions of the players.
The present analysis applies in all these contexts, but focusses on demand as
a leading case.

Section 2 provides background on the econometric analysis of demand.
Section 3 observes that simultaneity is actually a problem of censored
outcomes. Proposition 0 uses this fact to obtain a basic negative finding on
identification in the absence of prior information on the structure of demand
or the process of price determination. Section 4 imposes the assumption that
demand is downward sloping. Proposition 1 shows that this assumption has
considerable identifying power, even when no other prior information is
available. Section 5 uses a well-known simultaneity problem of criminology to
illustrate Proposition 1. Section 6 briefly discusses the identifying power
of exclusion restrictions. Section 7 calls attention to open questions

stimulated by this analysis.

2. Econonetric Analysis of Denand

The econometric analysis of demand supposes there is a set of isolated
markets for a given product, each market separated from the others in time or
space. Each market has a value for [D(),p,q,X]. Here x denotes some
covariates characterizing a market, q is the quantity of product transacted,
and p is the unit price at which these transactions take place. The market
demand function D( ) gives the quantity of product that price-taking consumers
would purchase if price were set at any level; so D(t) is the quantity

demanded if price were set equal tot. The transaction (p,q) is assumed to

The



lie on the demand function, so

(1) a = D(p).

Markets vary in their values of [D(),p,q,x]. Thisheterogeneity is
expressed by making the set of markets a probability space and by treating
demand, transactions, and covariates as random variables with some
distribution P[D( ),p,q,X]- Let P[D() x] denote the distribution of demand
functions among markets sharing the same covariates. Econometric demand
analysis seeks to learn about P[D( ) x] when observations of (p,g,x) are
obtained by some sampling process, such as random sampling of markets, that
reveals P(p,q.,x).

The problem of learning P[D(.) X] may be posed for any specification of
the covariates x. Given such a specification, the inferences that may be
drawn depend on what is a priori known about the structure of demand and the
process of price determination. Econometric analysis has long centered on the
case where demand is known to be a linear function of price, with the same

slope B in each market and an intercept that may vargacross markets; thus

2) D) = Rt+ . ¢

Study of this linear model was initiated in the 1920s and crystallized by the
early 1950s (see Hood and Koopmans, 1953).
Perhaps the most familiar finding is that the demand slope R is

identified given an exclusion restriction of the form !

(Ba) E(xex ) = E(xex )
(Bb) E(px=x ) /= E(Px3x ),

where x ; and x ; are known points on the support of the distribution of

covariates. To see that (1), (2), and (3) identify 3, use (1) and (2) to



write

(4) & q-Bp,

apply (3a) to find

(5) E@-Bpx=x| ) = E(@-Bpx=x| ),
and apply (3b) to conclude that

E(g x=x | 1) - E(@ x=% D)
Epxax | )-E@xX )

The sampling process identifies the right side of (6), hence R.
In fact, (1), (2), and (3) imply that P[D( ) x] is identified. By (#),
knowing 3 implies that is identdied in each market whose outcome (p,q) is
observed. By (2), knowing R and implies krowledge of the demand function
D() Knowing [D(),x] ina random sample of markets reveals P[D() X]. -
Observe that these results are obtained without assuming that firms have
supply functions or that demand is downward sloping. The only requirement of
firms is that they behave in a manner that makes E(p x=x \ i)/ =E(px3x ;). There
is no need to assume that 3 0 as conditions (1), (2), and (3) suffice to

reveal 3.

3. Simultaneity is Selection

In a series of recent articles on the selection problem (Manski, 1989,
1990, 1994), | have found that fresh insights emerge if one puts aside
conventional econometric modelling and examines the probabilistic structure of

the identification problem posed by the censoring of outcomes. The present
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paper began as an effort to address simultaneity in the same spirit, but |
soon learned that my earlier analysis of selection is relevant more than in
spirit.  In fact, the problem of simultaneity is selection.

Let x be a specified point on the support of the covariate distribution
and let t be a specified price. Consider the distribution P[D(t) x] of demand

at price t among markets with covariates x. ~ Write

(7) PIDM)x] = P[D() x,p=tP(p=t x) + P[D(t) x,pl | AP/ #x).

By (1),

(8) PID®)x.p=t] = P@xp=t). |

Random sampling of (p,q,x) reveals P(p=t x), P(p/ \ % x), and P(q x,p=t), but
does not reveal P[D(t) x,p/ | 1].

This is precisely the selection problem. The selection probability is
P(p=t x). The censoring probability is P(p/ 1 x). The distribution of
outcomes conditional on selection is P[D(t) x,p=t], or P(q x,p=t) by (8). The |
distribution of outcomes conditional on censoring is P[D(t) x,p/ \ 4]. One
wishes to learn about P[D(t) x], the distribution of outcomes that would be

observed if price were set equal to t in all markets with covariates x.

IDENTIFICATION IN THE ABSENCE OF PRIOR INFORMATION: In the absence of prior

information on the structure of demand or the process of price determination,

observations of outcomes in markets where p / =t reveal nothing about the
censored demand distribution P[D(t) x,p/ \ 1]. So we have this basic finding,
which paraphrases Proposition 1 of Manski (1994): 2

Proposi tion O:Let(1) hold. Let be the range of the demand function D().

Letf(): -R A - 1!be a specified function with K o f  ,f(u)and K 1 sup
Then
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(9) K oP(p/2x) +E[f(q) x,p=t]P(p=tx)  E{f[D(] x} < | <
K 1P(p/ x) + E[f(q) x,p=t]P(p=t ).
In the absence of other information, this bound is sharp. n
The bound (9) is always a subset of [K 0,K 1], but its width increases as

the selection probability P(p=t x) falls. In practice, the probability that

price takes a particular value t is typically small, so the bound is typically

wide. When price is continuously distributed, P(p=t x) = 0 and the bound is

the uninformative interval [K K 1]. Thus, it seems appropriate to think of
Proposition 0 as a negative finding showing that inference is infeasible in

the absence of prior information about the structure of demand or the process

of price determination.

4. O dered Qutcones

Given prior information about the structure of demand, observations of
outcomes in markets where p / =t can be informative about the censored demand
distribution P[D(t) x,p/ \ 1]. If an economist is willing to assume anything
about the structure of demand, it generally is that demand is weakly downward

sloping; that is,

100 t >t D)= D). <

Yet the literature on simultaneity has not studied the identifying power of
this most common economic assumption. | do so here.
It is intuitive that the assumption of downward sloping demand should
have identifying power. Consider Figure 1. If we know only that (1) holds,
then observation of a market outcome (p 0q o) reveals only that D() is some-

function passing through (p o). Butif we know that (1) and (10) hold, then
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Figure 1 : Feasible Demand Functions
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observation of (p «{ o) reveals that the downward sloping graph of D() must -

lie entirely within the northwest (NW) and southeast (SE) regions of the
figure.

| have previously studied the simplest nontrivial case of assumption
(10). The literature analyzing treatment effects supposes that a binary
variable z determines which of two outcomes is observed; outcome y(1) is
observed if z = 1 and outcome y(0) is observed if z=0. Manski (1994,

Section 6.1) examines the identifying power of the ordered outcomes  assumption

11) y@)  y@®).

Assumption (11) is the special case of (10) witht=0and t' = 1.
Henceforth, | use the term ordered outcomes  to refer to assumption (10) and

not just to the special case (11). 3

GRAPHICAL ANALYSIS: A simple way to see the identifying power of assumptions
(1) and (10) is to consider the probability P[D(t) r x] that the demand at |

price t is smaller than a specified constantr. Figure 2 decomposes the

possible market outcomes into four regions based on the position of (p,q)

relative to (t,r).

Observe that the following holds in each region:
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Figure 2 : ldentification of P[D(t) r X]
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Each observation of (p,q) in the SW region implies that D(t) r, so we may
conclude that P(pt qrx) ®[D#) fx]. £ach obsegvation in the NE region
implies that D(t) >, so P[D(t) r x] 1-P(pt<g3rx) =P(p<tU qrx). n \
Observations of (p,q) in the SE and NW regions do not reveal whether D(t) is

less than or greater than r. So we have this sharp bound on P[D(t) r x]:

A

(12) P(pt grx) <P[D(t)rx] P(p<td g rX). <

The width of the bound depends on the distribution of market outcomes.
At one extreme, the support of P(p,q x) may be cdncentrated in the SE and NW
regions of Figure 2. Then (12) becomes 0 P[D(t) rx] 1< At the othet <
extreme, the support of P(p,q x) may be|concentrated in the SW and NE regions.
Then (12) becomes P[D(t) r x] = R(pt qrx). So assumptions (1) and (10)
may reveal nothing about P[D(t) r x] or may identify this quantity.

THE ALGEBRA OF IDENTIFICATION: Let us now proceed more formally and
abstractly. The main finding of this paper is a sharp bound on the mean of

any monotone function of the demand at a specified price, as follows.

IA

A

Proposition 1:Let(1)and(10) hold. Letf(): R - A - !be aspecified weakly
increasing function. LetK o #f | f(u)and K 1 sup f(u). Then
(13) K oP(p<tx) + E[f(q) xp tIP(ptxp  E{BM]x} < | <

K 1P(p>t X) + E[f(q) x,p t]P(p t X)<

In the absence of other information, this bound is sharp. n

<



PROOF: Write

(14) EDO]x} = [E{DE)] x.p<t}P(p<t x)| |
+ E{fD(V)] x,p=t}P(p=t x) | |
+ E{fD(0)] x,p>t}P(p>t X). | |

By monotonicity of D() and f(-), -

(15) p<t K=, D] f(q) <
Ko = o EfDO]xp<t| Ef(q) x,p<t]; |
p=t fIDOF=f(0)
E{fID(t}x.p=t} = E[f(q) X,p=t]; |
p>t  f(a) AD(®)] K < <
Elf(a) xp>t] E{f[DM] x,p>t} K | < a

Inserting these lower and upper bounds in (14) yields (13). The bounds (15)
are sharp, so the bounds (13) are sharp.

Q.E.D.

Proposition 1 has negative and positive implications. The negative

implication concerns inference on E{f[D(t)] x} when f(.) has inbounded range.

Inspection of (13) shows that the lower bound on E{f[D(t)] x} is - if K

and P(p<t x)[> 0. Similarly, the upper bound is if K oo 1=

The positive implication concerns inference when the range of f(.) is

bounded. If- <Ke o K ;< ,4he bound (13) has finite width

{E[f(a) x,p<q] - K oP(P<tx)[+{K - E[f(q) x,p>{[}P(p>t X).

The maximum width is K 1 - K 4, which occurs if E[f(q) x,p<t] = K |

=K, and P(p=t x) =/0. The minimum width is zero, which occurs if

‘ o 0

and P(p>t x) > Q.

1 E[f(q) X1p>‘t]
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E[f(q) p<t,x] =K o and E[f(q) p>t,x] =K 1. Thus, assumptions (1) and (10) may
reveal nothing or may identify E{f[D(t)] x}, depending on the distribution of

market outcomes.

APPLICATIONS: One immediate application of Proposition 1 is to inference on

E[D(t) x]| the mean demand at price t in markets with covariates x. Suppose

that demand is non-negative but unbounded from above, so D() has range = -

[0, ) Let f() be the-identity function, so K o=0and K ;= .«lf P(p>tx)
>0, (13) reduces to

A
8

(16a) E(gx,@tP(rtx) =E[D(t) X]<

If P(p>t x) = 0, (13) reduces to

A

(16b) E(gx,p=t)P(p=tx)  E[DMH  E(qx)|
Another immediate application is to inference on P[D(t)>r x], the

probability that the demand at price t is larger than a specified constant r.

Here f() =-1[ >1], k- 0=0,and K 1=1. So (13) reduces to

(17) P(pt g>rm) P[D(t)>¢ X] P(p>t x) + P(pxt g>r x). | < N

Given that P[D(t) r x] = & - |P[D(t)>r x], we may also|conclude that

(12) 1-P(p>tx)-P(pt g>rx) < PD()rX] k-P(pt g>kx) < > N
This restates the result (12) obtained earlier using Figure 1.

As a final application, | use the bound (12) to derive bounds on
quantiles of P[D(t) x]. Let (0,1) and let g [D(t) X] denote the - «

quantile of D(t) conditional on x. Corollary 1.1 shows that there is either

an informative lower bound on q ID(t) X] for an informative upper bound but not
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both.

Corollary 1.1:Let =}0,). If P§p<tx) ,then | > @

v

(18a) O ¢ LD®x]| {infrst.Ppt qrx) } < n < > @

If P(ptx¥<|, then «

(18b) {suprs.t.P(p<tUqrx)<} <ql ¢ < JDMX]| < . o

In the absence of other information, these bounds are sharp. L]
PROOF: By definition, q D) X]| infreP[D(t) rx] . To obtdinthe «

lower bound on q [D(t) x], use (12) to find

(19) P(p<tUqrx) <<| PD@) rx < q | @« = DO
Hence the greatest lower bound on g D) X]is {sup rs.t. P(p<t U qrx) <

¢. To obtain the upper bound, use (12) to find

A
\

(20) P(pt grx) < | P[B(t)ex]= q > a = J[DOX]|r <
Hence the least upper bound on g D) X]is {infrst. P(pt gqrx) }. < n <
These bounds are sharp because the bound (12) is sharp.

If P(p<t x) |, then R(p<tU grx) for all rssd the greatest
lower bound is zero. IfP(ptx) < ,thenP(pt qa x)< }forallgson < o
the least upper bound is infinity.

Q.E.D.

v
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CONDITIONING ON AN OBSERVED MARKET OUTCOME: Proposition 1 may be applied given
any specification of the covariates x. Conditioning on an observed market
outcome warrants special comment.

A common objective of empirical analysis is to infer the structure of
demand in a market whose outcome is observed. Suppose one observes that, in a
given market, a quantity g o Is transacted at a unit price p .. Consider the
problem of inference on demand conditional on this observed outcome and on

some covariates w. Then the distribution of interest is P[D( ) w,p=p - 0=q ol

At the beginning of this section we saw that, given assumptions (1) and
(10), observation of (p «{ o) reveals D() to be a downward sloping function
that lies entirely within the northwest and southeast regions of Figure 1.
That discussion relied only on observation of (p «J o), and did not bring to
bear observations on outcomes in other markets. We may apply Proposition 1 to

determine if stronger conclusions can be drawn when such observations are

available.
The answer is negative. Applied to P[D() w,p=p - 0= ], the bound (13)
becomes
(21a) f(a o) <E{fDE]w,p=p | 00=0 o} <K for t<p
(21b) E{fD®)] w,p=p| o070 o} = fla o) for t=p o
(21c) K o <E{f[D®] w,p=p| 070 o} <f@ ) for t>p o
These are the same conclusions as may be drawn when only (p 0d o) is observed.

DEMAND AS A RANDOM PROCESS: Propositions 0 and 1 concern the distribution
P[D(t) x]|of demand at a specified price t. Viewed abstractly, the
distributions P[D(t) x], t [0,) are the enarginals of the random process

P[D()«]lindexed by t. Knowledge of the marginals of this process suffices
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to answer many questions of economic interest. The marginals reveal the level
of demand at any specified price. They also reveal E[D(t 1) - D(t
expected difference between the demands at any two specified prices t
Nevertheless, knowledge of the marginals does not give a complete description
of the random demand process. To do that, we need to determine what the
assumption of downward sloping demand implies about the dependency structure
of P[D() x}. |This question is left for future work.

Focussing as it has on the linear model (2), the econometric literature
on simultaneity has been able to avoid explicit treatment of demand as a
random process. In the linear model setting, the problem of identifying
P[D( )] |reduces to that of identifying the scalar slope parameter B. This
extraordinary simplification of the inferential problem ceases to be available

when assumption (2) is dropped in favor of (10).

5. Enpirical lllustration: The Effect of Policing on Crine

This section uses a well-known simultaneity problem of criminology to
provide an empirical illustration of Proposition 1.

The problem arises when observations of crime rates and deterrence
policies are used to study the effect of deterrence policies on criminal
behavior. The standard setup assumes a set of isolated jurisdictions. Each
jurisdiction has a crime function D( ) giving the crime rate that would occur
if deterrence (i.e. the price of crime) were set at any level. Some process
determines the actual deterrence level p in each jurisdiction. The realized
crime rate is then g = D(p). The problem is to learn about the distribution
P[D(.) x]|of crime functions among jurisdictions with covariates x.

Empirical analysis has centered on linear crime models of form (2),
combined with exclusion restrictions of form (3). See Blumstein, Cohen, and
Nagin (1978) for a review and critique of the literature. Our interest is to

learn what inferences are possible if it is assumed that crime is a weakly

o) X], the

ocandt

1-
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Figure 3 : Crime Rates and Police Densities in Wisconsin Cities
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Source: U.S. Bureau of the Census, C ounty and City Data Book 1988, Table C.
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decreasing function of the deterrence level.

MEASURING CRIME AND DETERRENCE: Empirical studies have measured crime and
deterrence in many different ways. To provide an accessible illustration, |
use data for American cities with population over 25,000 published in U.S.

Census Bureau,C _ounty and City Data Book 1988. The crime rate is an FBI

estimate of the number of serious crimes committed per 100,000 resident
population in the year 1985 (Table C, item 31). The deterrence measure is an
FBI estimate of the number of police officers per 10,000 resident population
in 1985 (Table C, item 33). | use these crime rates and police densities as
reported, except that | rescale the crime rate to have the same population
base as the police density.
| focus on the twenty-two cities in my own state of Wisconsin. 5 These
observations form a dataset large enough to yield interesting findings, but
small enough to permit the reader to follow the calculations easily. Figure 1
presents the raw data and displays the configuration of police densities and

crime rates.

ANALYSIS: Assume that the crime functions in these Wisconsin cities are a
random sample of size N = 22 drawn from the distribution P[D() x] of crime -
functions in jurisdictions sharing specified covariates x. 6 LetP (p,qXx)
denote the empirical distribution of (police density, crime rate) outcomes.
Then consistent nonparametric estimates of the bounds proved in Proposition 1
and in Corollary 1.1 may be obtained by replacing the features of P(p,q X) \
appearing in (13) and (18) with the corresponding features of P v(p,q x). For
example, consider P[D(t) r x]. Thke lower boundis P(pt grx)andits < n < |
estimate is the sample frequency of the event (pt qr). < N <
Table | presents a set of such estimates. The left part of the table
gives estimated bounds on P[D(t) r x)] at vakous levels of (t,r). The right
part gives estimated bounds on the mean crime rate E[D(t) x] and median crime

rate M[D(t) x] at various levels of t. To keep the discussion centered on the
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problem of identification, | shall discuss the table as if its entries are the
bounds rather than consistent estimates thereof. One may address questions of
sampling precision by placing confidence bands around the estimated bounds,

much as in the empirical study of the selection problem conducted by Manski et

al. (1992).

Table | : Estimated Bounds on Features of P[D() X] -

P[D(t) r X] < | E[D(t)x] MID(t) x]
r = 200 r = 400 r = 600 r = 800 |

8

t=12 [.00,.00] [.00,.18] [.00,.64] [.00,.91]|[536.6,) [493.9;,)
t=16 [.00,.23] [.05,36] [.23,.64] [.23,.91]|[452.6,) [458.2,)
t=20 [.00,.82] [14,.86] [55,.91] [.77,.95]|[105.9,) [0,552.9]
t=24 [.00,91] [.18,91] [.64,.91] [86,.95]| [71.1,) [0,540.7]

8

8

8

Source: Figure 3, Proposition 1, and Corollary 1.1.

The most striking feature of the bounds on P[D(t) r x)] is how much<hey
vary in width as (t,r) varies. We are able to draw only very weak inferences
when (t,r) = (12,800) and (t,r) = (24,200). In these cases, the table entries
are P[D(12) 80@ x] [.00,.@1] and, likewise, P[D(24) 200 x] [.00,.91]. We | €
can, however, draw rather strong inferences when (t,r) = (12,200) and (t,r) =
(24,800). Here P[D(12) 200 x]= 0 ahd P[D(24) 800 x] [.86,.95]. That ig,
abstracting from questions of sampling precision, we find that setting the
police density equal to 12 officers per 10,000 population always yields a
crime rate larger than 200 crimes per 10,000 population. Setting the police
density equal to 24 officers per 10,000 population has at least a .86 chance
of yielding a crime rate less than or equal to 800 crimes per 10,000
population.

My earlier analysis of the selection problem emphasized that identifying
the mean and median of a distribution pose fundamentally different problems

when outcomes are censored (see Manski, 1994). Inspection of the bounds on



17

E[D(t) x][and M[D(t) x] at t =| 20 illustrates this difference well. The bound
on the mean crime rate is [105.9, ) and the beund on the median crime rate is
[0,552.9]. Thus setting the police density equal to 20 would yield a mean

crime rate of at least 105.9 and a median crime rate no larger than 552.9.

6. Exclusion Restrictions

Our analysis of demand has imposed no assumptions on the process of
price determination. If an economist is willing to assume anything about
price determination, it probably is that some covariate affects price but not
demand. In the linear model setting, equation (3) formalizes the usual
exclusion restriction. In the present more abstract setting, we might express

an exclusion restriction by assuming that

(22a) PD()x=x| ;] = PID()x=x| ]
(22b) P(px=x ) [=Pxax ).

Or we might impose the weaker assumption that

(23a) E{fiDMIx=x | i} = EfDOIx=x | }
(23b) P(px=x ) [= P(pxax ).

where f(): - R A -~ 'is a specified function.

What is the identifying power of assumption (22) or (23)? Thereis a
ready answer to the latter question. Proposition 6 of Manski (1994) shows
that if (23) holds, the bound in Proposition 0 may be replaced by its

intersection across the two covariate values x ;andx ;. Thatis,



18

(24) - jsup K oPpRxex ) +Efa)x=x | p=tIP(p=tx=x )} EDOIx=x | i}
kiﬂifj K=< Pp/AxEx ) +E[f(@) x=x | p=tIP(p=tx=x )}
is the sharp bound on E{f[D(t)] x=x \ i}. The same reasoning implies that if

(23) holds and f()) is a monotone function, the bound in Proposition 1 may be

replaced by its intersection, namely

(25)k—ﬂjp {K oP(p<txx ) +E[f(@x=x | wptPEtx=x| I} E{DOIx=x [ i}

ki”f.{K < P(P>txEx ) +EMf(@) x=x | p8P(ptx=x| O}
=i

The identifying power of the stronger exclusion restriction (22) is an
open, and seemingly difficult, question. It is also an important question.
Economists willing to assert exclusion restrictions often are willing to do so

in the stronger form of (21), not just in the weaker form of (22).

7. Concl usion

Analysis of simultaneity was so central to the early development of
econometrics that it was long common for econometricians to think of
identification and simultaneity as synonymous. Many econometrics texts, even
recent ones, discuss identification only in the context of simultaneity.
Particularly revealing is the title chosen by Fisher (1966) for his monograph

on the simultaneity problem. He titled the book T he lIdentification Problemin

Econonet ri cs and justified this choice by writing in the preface (page vii):
Because the simultaneous equation context is by far the most important
one in which the identification problem is encountered, the treatment is
restricted to that context.

From today's perspective, Fisher's judgment of the preeminence of simultaneity
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among all identification problems seems strained. Nevertheless, simultaneity
certainly remains an important problem of econometrics.

Econometric thinking about simultaneity has long focussed on the linear
model (2). The present analysis opens a new way of thinking by showing that
simultaneity is a problem of censored outcomes. Proposition 1 demonstrates
how fruitful this way of thinking can be.

This paper opens a long agenda for future research. In Section 4, |
raised the question of inference on the dependency structure of demand. In
Section 6, | observed that we do not know the identifying power of exclusion
restrictions of the form (22). Here, | would add this: we should seek to
subsume the assumptions of downward sloping demand and linear demand within a
more general study of the identifying power of restrictions on the shape of
the demand function.

To assume downward sloping demand assumption is to impose a specific
bound on the first derivative of the demand function, or a specific Lipschitz
condition. To assume linear demand is to impose a specific value for the
second derivative of the demand function, or a specific concavity/convexity
assumption. Learning the identifying power of other shape restrictions would
widen the options available to empirical researchers analyzing simultaneity

problems.
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1. The standard setup does not assert (3) directly, but rather invokes
assumptions that imply (3). These assumptions are

(a) firms are price takers with linear supply functions S(t) = bt + e;

(b) market outcomes satisfy the equilibrium condition q = D(p) = S(p)

() E(.e«)=|(x',x'a)for some parameters ( ,a). ]

Condition (3a) is expressed by assuming that some component of equals zero. o

Condition (3b) holds if the corresponding component of a is non-zero.

2. The proof is simple. Write

E{fDM] x} = [E{D®] x,p/ | AP/ 2x)+E(q x,p=t)P(p=t X).

The sampling process reveals all the quantities on the right side except for
E{f[D(t)] x,p/ | 14}. In the absence of prior information, we know only that

EfDOIxp/ 4 [ oKyl

3. Much of the literature on treatment effects invokes the shifted outcomes
constant-treatment-effect assumption; that is, y(1) = y(0) + 3, where B is a
parameter. This assumption is the simplest nontrivial case of the linear model

(2), obtained by evaluating (2) att=0and att = 1.

4. A complementary result holds for upward sloping functions. Assume D( ) to be -
upward sloping rather than downward sloping. Then observations in the SE and NW

regions are informative, but those in the SW and NE regions are not.

5.C_ounty and City Data Book 1988 lists twenty three Wisconsin cities as having
population over 25,000 but statistics are not reported for one of these, the city

of Superior.

or
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6. Specification of the covariates x should reflect one's beliefs about the
variation in crime functions across cities. For example, suppose one believes
that the distribution of crime functions across Wisconsin cities is the same as
the distribution of crime functions across all midwestern cities. Then one can
let [x = midwestern cities] and use the Wisconsin data to infer the distribution

of crime functions across all midwestern cities.
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