Klein, S. P. and Freedman, D. A. (1993), "Ecological regression in voting rights cases" Chance, 6, 38-43.

Additional Resources

Aggregation bias, Ecological fallacy.

D.A. Freedman. "The ecological fallacy." In the Encyclopedia of Social Science Research Methods. Sage Publications (2004) Vol. 1 p. 293. M. Lewis-Beck, A. Bryman,
and T. F. Liao, eds

A Rule for Inferring Individual-Level Relationships from Aggregate Data, Glenn Firebaugh American Sociological Review Vol. 43, No. 4 (Aug., 1978), pp. 557-572 JStor
URL

Robins

The (mis)estimation of neighborhood effects: causal inference for a practicable social epidemiology J. Michael Oakes Social Science and Medicine 58 (2004) 1929- 1952
R-package eiPack: R x C Ecological Inference and Higher-Dimension Data Management. R News Oct 2007

Educational multilevel data.

The Analysis of Multilevel Data in Educational Research and Evaluation Leigh Burstein Review of Research in Education, Vol. 8. (1980), pp. 158-233. Jstor link
Methodological Advances in Analyzing the Effects of Schools and Classrooms on Student Learning, Stephen W. Raudenbush; Anthony S. Bryk Review of Research in
Education, Vol. 15. (1988 - 1989), pp. 423-475. Jstor link

Analyzing Multilevel Data in the Presence of Heterogeneous within-Class Regressions Leigh Burstein; Robert L. Linn; Frank J. Capell Journal of Educational Statistics,
Vol. 3, No. 4. (Winter, 1978), pp. 347-383. Jstor link

examples from analyses of voting data.

Bias in ecological regression Stephen Ansolabehere and Douglas Rivers

David A. Freedman et al., "Ecological Regression and Voting Rights," Evaluation Review 1991, pp. 673-711,

D.A. Freedman, S.P. Klein, M. Ostland, and M.R. Roberts. "Review of 'A Solution to the Ecological Inference Problem.' " Journal of the American Statistical Association,
vol. 93 (1998) pp. 1518-22; with discussion, vol. 94 (1999) pp. 352- 57.

Multilevel models.

Using SAS PROC mixed:

Judith Singer HLM/PROC Mixed papers: Multilevel Modelling Newsletter ; JEBS1998 Using SAS PROC MIXED to Fit Multilevel Models, Jstor

HLM - Hierarchical Linear and Nonlinear Modeling (HLM): descriptions and student edition HLM6

Freedman, D. A. (census adjustments). Hierarchical Linear Regression

Using R: Ime4 (Imer and nlme) and mimRev. John Fox Ime tutorial

Doug Bates draft book (Feb 2010) Doug Bates SASmixed package

Fitting linear mixed models in R Using the Ime4 package Douglas Bates (pp.27-30)

London exam data example in Examples from Multilevel Software Comparative Reviews Douglas Bates

Regression diagnostics for Imer models. Package influence. ME

mlmRev data examples. Also, Tennessee's Student Teacher Achievement Ratio (STAR) from Creating an R data set from STAR Douglas Bates

STATA does it also

Imer for SAS PROC MIXED Users Douglas Bates Department of Statistics University of Wisconsin Madison

2. Reciprocal Causal Effects and non-recursive models in Observational Studies

Lecture topics

1. Cross-sectional Data: Simultaneous equations (2SLS, IV in butter, peer aspirations, ed and fertility, Freedman), nonrecursive models
Simultaneous equations handouts ~ Duncan et al ascii

2. Reciprocal effects and non-recursive models in longitudinal data.
Empirical research on reciprocal effects, including cross-lagged correlation. clc slides

Primary Readings

An (old) review of reciprocal effects. Rogosa, D. R. (1985xZAnalysis of reciprocal effects™n International Encyclopedia of Education, T. Husen and N. Postlethwaite, Eds.
London: Pergamon Press, 4221-4225. (reprinted in Educational Research,Methodology & Measurement: An international handbook, J. P. Keeves Ed. Oxford: Pergamon
Press, 1988.)

Reciprocal Effects Examples
Michelob ULTRA® Super Bowl LV Spot Online. Are You Happy Because You Win? Or Do You Win Because You're Happy?

Screen time rots kids minds.
Fox17 Nashville: _Increased screen time in young children associated with developmental delays
Publication: _Association Between Screen Time and Children's Performance on a Developmental Screening Test JAMA Pediatr. Published online January 28, 2019.
doi:10.1001/jamapediatrics.2018.5056

Internet use and depression
Study links excessive internet use to depression Publication: The Relationship between Excessive Internet Use and Depression: A Questionnaire-Based Study of 1,319
Young People and Adults. Catriona M. Morrison, Helen Gore Psychopathology 2010;43:121-126 . available from Lane e-journals

Peer Influences
Peer Influences on Aspirations: A Reinterpretation Otis Dudley Duncan, Archibald O. Haller, Alejandro Portes American Journal of Sociology, Vol. 74, No. 2 (Sep., 1968),
pp. 119-137 Jstor

Education and Fertility
Rindfus example (Freedman Chap 8; paper reprinted in Freedman text). Education and Fertility: Implications for the Roles Women Occupy Ronald R. Rindfuss; Larry
Bumpass; Craig St. John American Sociological Review, Vol. 45, No. 3. (Jun., 1980), pp. 431-447. from Jstor

Longitudinal Data: original TV Violence and Agression
Eron LD, Huesmann LR, Lefkowitz MM, Walder LO. Does television violence cause aggression? Am Psychol. 1972;27:253-63. PubMed

Money Supply
Granger Causality. Nobel 2003. Complete Granger
Relationships--and the Lack Thereof--Between Economic Time Series, with Special Reference to Money and Interest Rates. David A. Pierce Journal of the American
Statistical Association, Vol. 72, No. 357. (Mar., 1977), pp. 11-26. Jstor

Additional Resources
Reciprocal effects: Rogosa, D. R. (1980). A critique of cross-lagged correlation. Psychological Bulletin, 88, 245-258. APA site version
Structural Equation Modeling With the sem Package in R John Fox STRUCTURAL EQUATION MODELING,13(3),465- 486 Jox Fox home page



https://www.tandfonline.com/doi/abs/10.1080/09332480.1993.10542376
http://www.stat.berkeley.edu/~census/ecofall.txt
http://links.jstor.org/sici?sici=0003-1224%28197808%2943%3A4%3C557%3AARFIIR%3E2.0.CO%3B2-O
http://aje.oxfordjournals.org/cgi/content/abstract/139/8/747?ijkey=34cf924a9cb40bb56c162bfeff792a04e555d506&keytype2=tf_ipsecsha
http://www.jhsph.edu/bin/s/e/Oakes2004.pdf
http://cran.r-project.org/doc/Rnews/Rnews_2007-2.pdf
http://links.jstor.org/sici?sici=0091-732X%281980%298%3C158%3ATAOMDI%3E2.0.CO%3B2-6
http://links.jstor.org/sici?sici=0091-732X%281988%2F1989%2915%3C423%3AMAIATE%3E2.0.CO%3B2-T
http://links.jstor.org/sici?sici=0362-9791%28197824%293%3A4%3C347%3AAMDITP%3E2.0.CO%3B2-9
http://www.stanford.edu/class/polisci353/2004spring/reading/erbias.pdf
http://www.stat.berkeley.edu/~census/515.pdf
http://www-stat.stanford.edu/~rag/ed260/hlmnewsletter10-2.pdf
http://links.jstor.org/sici?sici=1076-9986%28199824%2923%3A4%3C323%3AUSPMTF%3E2.0.CO%3B2-2
http://www.ssicentral.com/hlm/index.html
http://www.stat.berkeley.edu/~census/goldbug.pdf
http://cran.r-project.org/web/packages/lme4/lme4.pdf
http://cran.r-project.org/web/packages/mlmRev/mlmRev.pdf
http://socserv.mcmaster.ca/jfox/Books/Companion-1E/appendix-mixed-models.pdf
http://lme4.r-forge.r-project.org/book/
http://cran.r-project.org/web/packages/SASmixed/SASmixed.pdf
http://cran.r-project.org/doc/Rnews/Rnews_2005-1.pdf
http://cran.r-project.org/web/packages/mlmRev/vignettes/MlmSoftRev.pdf
http://cran.r-project.org/web/packages/influence.ME/influence.ME.pdf
http://cran.r-project.org/web/packages/mlmRev/mlmRev.pdf
http://rss.acs.unt.edu/Rdoc/library/mlmRev/doc/StarData.pdf
http://www.stata.com/capabilities/mixed.html
http://cran.r-project.org/web/packages/SASmixed/vignettes/Usinglmer.pdf
http://web.stanford.edu/~rag/stat209/reciphnd.pdf
http://statweb.stanford.edu/~rag/stat209/duncanhnd
http://statweb.stanford.edu/~rag/stat209/clcslides.pdf
http://statweb.stanford.edu/~rag/stat222/recipdrr.pdf
https://www.google.com/aclk?sa=l&ai=DChcSEwiD_IPlieruAhU29uMHHaD8DC8YABAAGgJ5bQ&ae=2&sig=AOD64_2LaPo5amBkXNjvWGqk-WHhHLIepQ&q&adurl&ved=2ahUKEwjJ5fjkieruAhXXi54KHSw_C4AQ0Qx6BAgUEAE
https://fox17.com/news/local/study-increased-screen-time-in-young-children-associated-with-developmental-delays
https://jamanetwork.com/journals/jamapediatrics/fullarticle/2722666
http://www.ibtimes.com/articles/20100202/study-links-excessive-internet-use-to-depression.htm
http://lane.stanford.edu/online/ejbrowse.html?a=p
http://www.jstor.org/stable/2775916
http://links.jstor.org/sici?sici=0003-1224%28198006%2945%3A3%3C431%3AEAFIFT%3E2.0.CO%3B2-Z
https://deepblue.lib.umich.edu/bitstream/handle/2027.42/83368/1972.Eron_etal.DoesTelevisionViolenceCauseAggression.AmPsychol.pdf?sequence=1
https://pubmed.ncbi.nlm.nih.gov/5015586/
https://www.nobelprize.org/prizes/economic-sciences/2003/granger/lecture/
http://assets.cambridge.org/052177/2974/sample/0521772974ws.pdf
http://links.jstor.org/sici?sici=0162-1459%28197703%2972%3A357%3C11%3ARTLTET%3E2.0.CO%3B2-O
http://statweb.stanford.edu/~rag/stat209/clc.pdf
http://psycnet.apa.org.laneproxy.stanford.edu/journals/bul/88/2/245.pdf
https://socialsciences.mcmaster.ca/jfox/Courses/R/IQSBarcelona/index.html
http://socserv.mcmaster.ca/jfox/
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Regression Analysis Tutorial 230

Example 2

Price elasticity of telecommunications demand:
MOU = a + B(price) + 6(Nemply) + ¢
Price = L + ¢(MOU) + n(region dum.) + L

e and [ are correlated.

Price

Demand

Problem: Because W is correlated with ¢, and p affects
price, price is correlated with .

Linked in Lab3

Econometrics Laboratory ¢ University of California at Berkeley « 23-27 March 1998
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528 Part 3 Advanced Topics

In a nutshell, this illustrates the identification problem in simultaneous equations mod-
els, which we will discuss more generally in Section 16.3.

The most convincing examples of SEMs have the same flavor as supply and demand
examples. Each equation should have a behavioral, ceteris paribus interpretation on its
own. Because we only observe equilibrium outcomes, specifying an SEM requires us
to ask such counterfactual questions as: How much labor would workers provide if the
wage were different from its equilibrium value? Example 16.1 provides another illus-
tration of an SEM where each equation has a ceteris paribus interpretation.

Reciprocal Effects Simultaneous Eqs

(Murder Rates and Size of the Police Force)

Cities often want to determine how much additional law enforcement will decrease their
murder rates. A simple cross-sectional model to address this question is

murdpc = a,polpc + By + By incpc + u,,

where murdpc is murders per capita, polpc is number of police officers per capita, and incpc
Is income per capita. (Henceforth, we do not include an 7 subscript.) We take income per
capita as exogenous in this equation. In practice, we would include other factors, such as
age and gender distributions, education levels, perhaps geographic variables, and variables
that measure severity of punishment. To fix ideas, we consider equation (16.6).

The question we hope to answer is: If a city exogenously increases its police force, will
that increase, on average, lower the murder rate? If we could exogenously choose police
force sizes for a random sample of cities, we could estimate (16.6) by OLS. Certainly, we
cannot run such an experiment. But can we think of police force size as being exoge-
nously determined, anyway? Probably not. A city’s spending on law enforcement is at
least partly determined by its expected murder rate. To reflect this, we postulate a sec-
ond relationship:

polpc = a,murdpc + B,y + other factors.

We expect that a, > O: other factors being equal, cities with higher (expected) murder rates
will have more police officers per capita. Once we specify the other factors in (16.7), we
have a two-equation simultaneous equations model. We are really only interested in equa-
tion (16.6), but, as we will see in Section 16.3, we need to know precisely how the second
equation is specified in order to estimate the first.

An important point is that (16.7) describes behavior by city officials, while (16.6) de-
scribes the actions of potential murderers. This gives each equation a clear ceteris paribus

interpretation, which makes equations (16.6) and (16.7) an appropriate simultaneous equa-
tions model.

We next give an example of an inappropriate use of SEM:s.

non-recursive models, feedback
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e Cross-sectional Data Fart 3 Advanced Topics

16.2 SIMULTANEITY BIAS IN OLS

Itis usetul to see.in a simple model. that an explanatory variable that is determined si-
multancouslv with the dependent variable is generally correlated with the error term

which leads 1o bias and inconsistency in OLS. We consider the two-cquation structural
model

arey_2,u_1 correlated? bias, see handout

Vi T ay, B o, (16.10)
Yoyt By o (16.11)

and focus on estimating the first equation. The variables 2, and =, are exogenous, so that
cach iy uncorrelated with w, and . For simplicity, we suppress the intercept in each
cguation.

o show thot v is generally correlated with 4. we solve the two cquations for y, in
werms of the exogenous variables and the error term. If we plug the right-hand side of
60 in for v in (16.11). we get S

Yo = astag vy, + Bz b ug) + Bao o,

O

(1 = ww))y, = a-fiz; + Bozy + asuy + u,. (16.12)

Now. we must make an assumption about the parameters in order to solve for A

o, #F 1. (16.13)

Whether this assumption is restrictive depends on the application. In Example 16.1, we
think that «; = 0 and «, = 0. which implies «,«, = 0: therefore. (16.13) is very rea-
sonable for Example 16.1.

Provided condition (16.13) holds. we can divide (16.12) by (1 = ., and write

Yool

Yo T I T Tl b, (16.14)

where oy = @ B /01 = asag). s = Bo/(1 = asa), and Vo = (a0 - aa).
Equation (16.14). which expresses v, in terms of the exogenous VdIldbiLS and the error
teris. is the reduced form for v, a concept we introduced in Chapter 15 in the context

form paramcters: notice how they are nonlinear functions of the structural parame-
ters. which appear in the structural equations, (16.10) and (16.11).

The reduced form error. 1., 1s a linear function of the structural error terms, «, and
> Because wy and s are each uncorrelated with 2, and -, v 5 1s also uncorrelated with
S and = Therelore. we can consistently estimate ., and 7, by OLS. somcthing that
Wl (WO stage least squares estimation (which we return 1o in the next section).
In addiuon, the reduced form parameters are sometimes of direct inferest. although we
are focusimg here on estimating equation (16.10).
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CHAPTER 8

onomic theory” seems like a natural answer, but an incomplete one.
1as to be anchored in reality. Sooner or later, invariance needs em-
emonstration, which is easier said than done. Outside of economics,
tion is perhaps even less satisfactory, because theory is less well de-
interventions are harder to define, and the hypothetical experiments
ier.

pAF

ocial-science example: education and fertility

ultaneous equations are often used to model reciprocal causation—U hC)(

s V, and V influences U. Here is an example. Rindfuss et al (1980)
a simultaneous-equations model to explain the process by which a
lecides how much education to get, and when to have children. The
explanation is as follows.

“The interplay between education and fertility has a si gnificant influ-
- on the roles women occupy, when in their life cycle they occupy these
5, and the length of time spent in these roles. . . . This paper explores the
retical linkages between education and fertility. . . . It is found that the
orocal relationship between education and age at first birth is dominated
1€ effect from education to age at first birth with only a trivial effect in
ther direction.

“No factor has a greater impact on the roles women occupy than mater-
Whether a woman becomes a mother, the age at which she does so, and
iming and number of subsequent births set the conditions under which
r roles are assumed. . . . Education is another prime factor conditioning
le roles. . . .

“The overall relationship between education and fertility has its roots at
> unspecified point in adolescence, or perhaps even earlier. At this point
ations for educational attainment as a goal in itself and for adult roles
1ave implications for educational attainment first emerge. The desire for
ation as a measure of status and ability in academic work may encourage
en to select occupational goals that require a high level of educational
iment. Conversely, particular occupational or role aspirations may set
ards of education that must be achieved. The obverse is true for those
either low educational or occupational goals. Also, occupational and
ational aspirations are affected by a number of prior factors, such as
er’s education, father’s education, family income, intellectual ability,
educational experience, race, and number of siblings. ...”

nodel used by Rindfuss et al (the paper is reprinted at the back of
consists of two linear equations in two unknowns, ED and AGE:

ED = aAGE + A; + 6,

AGE =d'ED + A] +¢;.

H " n
SIMULTANEOUS EQUATIONS AnaIySIS on handout "C
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According to the model, a woman—indexed by the subscript i—chooses her
educational level ED; and age at first birth AGE; as if by solving the two
equations for the two unknowns.

These equations are response schedules (section 4.5). The coefficients a
and a’ are parameters, to be estimated from the data. (Here, the prime doesn’t
denote a transpose: « is scalar.) The terms A ; and A’ take background factors
1nto account:

(19) A; = ag + bOCC; + c1RACE; + - - - + ¢7YCIG;,

(20) A} = ay + b'FEC; + ¢{RACE; + - - - + ¢, YCIG; .

Variables are defined in table 1, and the notes to the table describe the sample
survey that collected the data.

The parameters ag, b, c1, . . . are to be estimated from the data. The ran-
dom errors (8;, €;) are assumed to have mean 0, and (as pairs) to be indepen-

Table 1. Variables in the model (Rindfuss et al 1980).

The endogenous variables

ED Respondent’s education
(Years of schooling completed at first marriage)
AGE Respondent’s age at first birth
The exogenous variables
0CC Respondent’s father’s occupation
RACE Race of respondent (Black = 1, other = 0)
NOSIB Respondent’s number of siblings
FARM Farm background (coded 1 if respondent grew up
on a farm, else coded 0)
REGN Region where respondent grew up (South = 1, other = 0)
ADOLF Broken family (coded O if both parents present
when respondent was 14, else coded 1)
REL Religion (Catholic = 1, other = 0)
YCIG Smoking (coded 1 if respondent smoked before age 16,
else coded 0)
FEC Fecundability (coded 1 if respondent had

a miscarriage before first birth; else coded 0)

Notes: The data are from a probability sample of 1766 women 35-44
years of age residing in the continental United States. The sample was
restricted to ever-married women with at least one child. OCC was
measured on Duncan’s scale (section 5.1), combining information on
education and income. Notation differs from Rindfuss et al.
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182 CHAPTER 8

dent and identically distributed from woman to woman. The model allows §;
and ¢; to be correlated; §; may have a different distribution from ;.

Rindfuss et al use two-stage least squares to fit the equations. Notice that
they have excluded FEC from equation (19), and OCC from equation (20).
Without these identifying restrictions, the system would be under-identified
(section 2 above).

The main empirical finding is this. The estimated coefficient of AGE
in (17) is not statistically significant, i.e., a could be zero. The woman who
dropped out of school because she got pregnant at age 16 would have dropped
out anyway:_the causal arrow points from ED to AGE, not the other way.

This finding depends on the model. When looked at coldly, the argument
may seem implausible. A critique can be given along the following lines.

(1) Assumptions about the errors. Why are the errors independent and
identically distributed across the women? Independence may be
reasonable, but heterogeneity is more plausible than homogeneity.

(i1) Omitted variables. Important variables have been omitted from
the model, including two that were identified by Rindfuss et al
themselves——aspirations and intellectual ability. (See the quotes at
the beginning of the section.) Since Malthus (1798), it has been
considered that wealth is an important factor in determining educa-
tion and marriage. Wealth is not in the model. Social class matters,
and OCC measures only one of its aspects.

(iii) Why additive linear effects?

(iv) Constant coefficients. Rindfuss et al are assuming that the same
parameters apply to all women alike, from poor blacks in the cities
of the Northeast to rich whites in the suburbs of the West. Why?

(v) Are FEC and OCC exogenous?
(vi) What about the identifying restrictions?
(vii) Are the equations structural?
'][t is easier to think about questions (v—vii) in the context of a model that
restricts attention to a more homogeneous group of women, where the only

relevant background factors are OCC and FEC. The equations—response
schedules—are as follows.

(21) ED == ag + aAGE + bOCC + §;,
(22) AGE == a, + a'ED + b'FEC + ¢, .

What do these equations tell us? ’IMpothctical experiments help
answer this question. In both experiments, fathers are assigned to jobs; and
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daughters are assigned to have a miscarriage before giving birth to their first
child (FEC == 1), or not to have a miscarriage (FEC = 0).

Experiment #1. Daughters are assigried to the various levels of AGE.
ED is observed as the response. In other words, the hypothetical exper-
imenter chooses when the woman has her first child, but allows her to
decide when to leave school.

Experiment #2. Daughters are assigned to the various levels of ED.
Then AGE is observed as the response. The hypothetical experimenter
decides when the woman has had enough education, but lets her have a
baby when she wants to.

The statistical terminology is rather dry. The experimenter makes fathers
do one job rather than another: surgeons cut pastrami sandwiches and taxi
drivers run the central banks. Women are made to miscarry at one time and
have their first child at another.

The equations can now be translated. According to (21), in the first
experiment, ED does not depend on FEC. (That is one of the identifying
restrictions assumed by Rindfuss et al.) Moreover, ED depends linearly
on AGE and OCC, plus an additive random error. According to (22), in
the second experiment, AGE does not depend on OCC. (That is the other
identifying restriction assumed by Rindfuss et al.) Moreover, AGE depends
linearly on ED and FEC, plus an additive random error. Even for thought
experiments, this is a little fanciful.

We return now to the full model, equations (17-20). The data were col-
lected in a sample survey, not an experiment (notes to table 1). Rindfuss et al
must be assuming that Nature assigned OCC, RACE, . . ., FEC independently
of the disturbance terms & and € in (17) and (18). That assumption is what
makes OCC, RACE, ..., FEC exogenous. Rindfuss et al must further be
assuming that women chose ED and AGE as if by solving the two equations
(17) and (18) for the two unknowns, ED and AGE. Without this assumption,
simultaneous-equation modeling seems irrelevant. (The comparable element
in the butter model is the law of supply and demand.)

The equations estimated from the survey data must apply as well to
experimental situations where ED and AGE are manipulated. For instance,
women who freely choose their educational levels and times to have children
do so using the same pair of equations—with the same parameter values and
error terms—-as women made to give birth at certain ages. The data analysis in
the paper doesn’tjustify such assumptions: how couldit? But these constancy
assumptions are the basis for causal inference from non-experimental data.
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Without the response schedules, it is hard to see what “effects” might
mean, apart from slopes of some plane that has been fitted to survey data.
It would remain unclear why the plane should be fitted by two-stage least
squares, or what role the significance tests are playing. Rindfuss et al have an
interesting question, and there is much wisdom in their paper. But they have
not demonstrated a connection between the social problem they are studying
and thu? statistical t'echnuc!ue: they are using. Jv f Plw, d e

Simultaneous equations that derive from response schédules are struc-
tural. Structural equations describe real observational studies, and the hypo-
thetical experiments that usually remain behind the scenes. Unless equations
are structural, they have no causal implications (section 5.5).

More on Rindfuss et al

indfuss et al have arguments to support their position, but these are not
convincing. For instance, exogeneity is discussed in the paper, and in Rind-
fuss and St. John (1983). However, the discussion misses the critical point:
variables labelled as “instrumental” or “exogenous,” like OCC, RACE, ...,
FEC, need to be independent of the error terms. Why would that be so?
Moreover, justifications given for the identifying restrictions seem artificial.
Hofferth and Moore (1979, 1980) obtain different results using different
instruments, as noted by Hofferth (1984). Rindfuss et al (1984) say that

“instrumental variables. . .. require strong theoretical assumptiors. . . .
and can give quite different results when alternative assumptions are
made. . . . itis usually difficult to argue that behavioral variables are truly
exogenous and that they affect only one of the endogenous variables but
not the other.” [pp. 981-82]

Thus, results depend quite strongly on assumptions about identifying
restrictions and exogeneity, and there is no good way to justify one set of
assumptions rather than another. Also see Bartels (1991), who comments
on the impact of exogeneity assumptions and the difficulty of verification.
Rindfuss and St. John (1983) give useful detail on the model. There is an
interesting exchange between Geronimus and Korenman (1993) and Hoffman
et al (1993) on the costs of teenage pregnancy.

8.6 Covariates

In the butter hypothetical, we could take the exogenous variables as
non-manipulable covariates. The assumption would be that Nature chooses

(‘V[, I{t, T}, Mt) = ‘l, ey 20

independently of the random error terms

Fad Week ¢

mqn4

vV ,-:
rcq/:)p?qrs
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(Styft)31‘=1,...,20.

The error terms would still be assumed IID (as pairs) with mean 0, and
a 2x2 covariance matrix. We still have two hypothetical experiments: (i) set
the price P to farmers, and see how much butter comes to market; (ii) set the
price P to consumers and see how much butter is bought. By assumption,
the answer to (i) is still

(23) Q=ay+aP+ayW, +a3H; + 6,
while the answer to (ii) is
(24) Q =by+b1P+bT; +bsM; +¢;.

For the observational data, we would still need to assume that Q, and P; in
year ¢ are determined as if by solving (23) and (24) for the two unknowns, Q
and P, which gets us back to (2a) and (2b).

With Rindfuss et al, OCC, RACE, ..., FEC could be taken as non-
manipulable covariates, eliminating some of the difficulty in the hypothetical
experiments. The identifying restrictions—FEC is excluded from (19) and
OCC from (20)—remain mysterious, as does the assumed linearity. How
could you verify such assumptions?

Terminology. Often, “covariate” just means aright hand side variableina
regression equation—especially if that variable is only included to control for
a possible confounder. Sometimes, “covariate” signifies a non-manipulable
characteristic, like age or sex. Non-manipulable variables are occasionally
called “concomitants.”

8.7 Linear probability models

Schneider et al (1997) use two-stage least squares—with lots of bells
and whistles—to study the effects of school choice on social capital. (The
paper is reprinted at the back of the book.) “Linear probability models” are
used to control for confounders and self-selection. The estimation strategy
is quite intricate. Let’s set the details aside, and think about the logic. First,
here is what Schneider et al say they’re doing, and what they found:

“While the possible decline in the level of social capital in the United
States has received considerable attention by scholars such as Putnam and
Fukuyama, less attention has been paid to the local activities of citizens that
help define a nation’s stock of social capital . . . . giving parents greater choice
over the public schools their children attend creates incentives for parents as
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