Note they don't display the disturbance paths so we don't get a look at Rsq values.
What are the predictors of Pubs (direct effects) in this picture?
What are the predictors of Cites (direct effects) in this picture?
The diagram provides estimates of supposed causal effects ("causal model of publishing" is the article title); it displays regression coeffs , with coefficient estimates shown
on the edges.
Consider a "productive researcher” to be defined in terms of the number of publications and the number of cites. The good news is that ability "affects" pubs and cites with
a positive coefficient in each case. Therefore, higher ability leads to a more "productive researcher", according to the causal path gospel. Some bad news is that sex is a
predictor of pubs with a large coefficient value. However, it is likely that there are confounding variables between sex and pubs.

Solution for question 2

Question 3. Longitudinal path analysis (based on the Goldstein example)
Apply the path analysis model taken from Goldstein (1979) (in class handouts week5,also Rogosa eq 2 1988, "casual models...) to verify results for path coefficients in eq
3 of Rogosa (1988) (also in handouts).
Data are given in http://statweb.stanford.edu/~rag/stat209/casualdat using the top frame of 40 observations for variables (perfectly measured) Xi(1) Xi(3) Xi(5) and taking
the times of observation to be 1 3 5 respectively.
These data are in wide form--each row is a subject.
You can verify, if you like, that each subject's data lies on a straight-line (constant rate of change)
Try pairs on the three measurements to see the scatter plots over persons.
Obtain values for the path coefficients and the muliple correlations for the regression fits.
Can you obtain standard errors for the path coefficients for this small sample?
Any interpretations of the results from the path analysis?
Solution for question 3

Question 4. ENRICHMENT ITEM, Structural Equation Models, Method-of-moments for two-variable, two-indicator model
Problem 4 is an "enrichment" item, and you may want to look at the solution which is linked.
For latent variable models with multiple indicators How does structural equation model (latent vars) methods provide a correction for measurement error?
Method-of-moments for two-variable, two-indicator model
For the Structural Equation Models handout from Joreskog book, which is linked in the week 5 lecture materials (class handout) but we did not take up in detail in class,
obtain parameter estimates for the no-correlated error version (9 parameters, top covariance matrix) in terms of the sample variance and covariances among the four
indicators (y_ij).
Brute force substitution will get you a non-optimal estimate, suffices for instructional purposes.

Solution for question 4

Spurious Correlation
Question 5. Spurious correlation Consider the spurious correlation (common cause type) discussed class week 5. Additional examples from class page links in Simon
(1954) or Aldrich (1995, sec 7 "illusory")
The data for this problem at http://rogosateaching.com/stat209/spuriousRQ.dat
Is the association between X and Y a consequent of common cause Z? Give a point estimate, corresponding scatterplot, and 95% confidence interval for the appropriate
partial correlation. Does the partial correlation coefficient settle the causal question?
One real-life multi-million-dollar invocation version is:
Spurious correlations have been used by tobacco companies to argue that the association between smoking and lung cancer may actually be a result of some other factor
such as a genetic factor that predisposes people both to nicotine addiction and lung cancer.
If this is true, then smoking cannot be blamed for causing cancer?
## Also if you like try out the ppcor package; I did in solutions, doesn't give you much

Solution for question 5

Week6
1. Multilevel Data and Contextual Effects in Observational Studies

Lecture topics
1. Background: nested data, ecological fallacy, aggregation bias, levels of analysis. levels of analysis handout
2. Traditional approaches to multilevel analysis: contextual effects, school effects.
Class handouts: Multilevel regressions NELS example (NELS data schools in CMatching package; larger subset in influence.ME package) Contextual effects (p.2)
3. Modern multilevel analyses: mixed effects models, High School and Beyond (HSB) data. (2-level via Ime4).
Legacy Stat209 Lab 2. Multilevel analysis (mixed-effects models) High School and Beyond example.
complete Bryk dataset first pass, Bryk data: session plots
Lab2, exposition and commands provides a full write up (annotated) of the analyses
Lab2 (Rogosa session) using Ime4, Imer (with additional plots)
Lecture slide, Ime Imer for Bryk data side-by-side boxplots, SFYS analysis

Primary Readings

Aggregation bias, Ecological fallacy.
D.A. Freedman. "Ecological inference and the ecological fallacy." International Encyclopedia for the Social and Behavioral Sciences. Elsevier (2001) vol. 6 pp. 4027-30.
N. J. Smelser and Paul B. Baltes, eds. A one-page version: 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

Current statistical analyses in social science: multilevel models.
Using R, Ime, nlme. John Fox Ime tutorial (HSB data)  Fitting linear mixed models in R Using the Ime4 package Douglas Bates (pp.27-30)
High School and Beyond (HSB) data. (2-level via Ime4).  Collection of HSB data analyses from various text sources Teaching document from Indiana, HSB
from every statistical package

Multilevel Data Research Examples

The original: Ecological Correlations and the Behavior of Individuals W. S. Robinson American Sociological Review Vol. 15, No. 3, Jun., 1950 .

One of many followups: Some Alternatives to Ecological Correlation Leo A. Goodman American Journal of Sociology Vol. 64, No. 6, May, 1959

A good sociological/medical overview. Ecological effects in multi-level studies. Blakely TA, Woodward AlJ. J Epidemiol Community Health. 2000 May;54(5):367-74.
pubmed full text



http://rogosateaching.com/stat209/W5RQ2.sol
http://rogosateaching.com/stat209/W5RQ3.sol
http://statweb.stanford.edu/~rag/stat209/hw3p5.pdf
http://rogosateaching.com/stat209/W5RQ5.sol
http://rogosateaching.com/stat209/agghnd.pdf
http://rogosateaching.com/stat209/multreghnd.pdf
http://rogosateaching.com/stat209/nelshnd.pdf
http://rogosateaching.com/stat209/berkcontexthnd.pdf
http://rogosateaching.com/stat196/brykdataPrepared
http://www.stanford.edu/~rag/ed401/brykplot
http://www.stanford.edu/~rag/ed401/brykplot.pdf
http://rogosateaching.com/stat209/19LmeLab.pdf
http://rogosateaching.com/stat209/19lab2lmer
http://statweb.stanford.edu/~rag/stat209/lmelmerbryk.pdf
http://www.stanford.edu/~rag/ed401/brykboxp.pdf
http://www.stat.berkeley.edu/~census/549.pdf
http://www.stat.berkeley.edu/~census/ecofall.txt
http://socserv.mcmaster.ca/jfox/Books/Companion-1E/appendix-mixed-models.pdf
http://cran.r-project.org/doc/Rnews/Rnews_2005-1.pdf
http://www-stat.stanford.edu/~rag/stat209/hsbanalyses.pdf
http://www.indiana.edu/~statmath/stat/all/hlm/hlm.pdf
http://www.jstor.org/stable/2087176
http://www.jstor.org/stable/2774045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=pubmed&dopt=Abstract&list_uids=10814658&query_hl=2&itool=pubmed_docsum
http://jech.bmjjournals.com/cgi/content/full/54/5/367
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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. (1985). Analysis of reciprocal effects. In 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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Week 6 Review Questions

Question 1. Grouping and multilevel regressions
Illustrate relations among individual level (ignoring groups) group-level, and relative standing regression results.
Part I groups formed on X
Create 200 individual level observations on X and Y having correlation around .65.
I started with x values 1:200 (simple integers) for convenience, but you can be fancier.
Do an individual level Y on X regression (i.e. "total, ignoring groups which don't exist yet).
Group these 200 individuals into 10 groups of size 20 on the basis of the X-values (i.e. group 1 contains the individuals with the smallest 20 X-values, group 10 contains
the individuals with the largest 20 X-values). So within-groups will be as homogeneous as possible on X, and between group differences on X will be largest.
Do a regression on group means (between groups regression) these may be classroom means for example, and you may not have individual level data.
Get a relative standing measure: individual score minus group mean for each individual.
Do a relative standing regression
Now do the multiple regression analyses ( class handouts; Burstein, Deleuuw & Kreft)
1. "context" Y on X and X-bar (X-bar is an attribute of each individual)
2. "Cronbach" (Kreft's term) Y on X minus X-bar and X-bar (predictors uncorrelated)
Demonstrate the coefficients match the basic relations shown in lecture
Part IT groups formed independent of X (random)
Repeat the analyses of Part I using a different (as different as can be) mechanism for assigning individuals to groups. Form the 10 groups of size 20 at random, making the
groups heterogeneous on X within group and similar between groups.
Solution for question 1

Question 2. Contextual Effects Coefficient
Use the regression recursion relation from week 4 to show that the contextual effects coefficient defined in week 6 handouts is equal as stated in the handouts (and
literature) to the between groups slope minus the within-pooled slope.

Solution for question 2

Question 3. Simplified version of HSB analysis
The ubiquitous analyses of the HSB data use a level 2 model, with meanses as a covariate in addition to the 'group treatment' indicator sector (P/C).
For intro instruction use of these multilevel methods for comparing 'effects' of Public vs Catholic, it would be cleaner just to do a 't-test' in the level 2 model-- i.e. the only
predictor of level and gradient being sector.
Try out that simpler model and compare with standard analysis. Note that the side-by-side boxplots are still relevant for this reduced model, as the boxplots only relect the
Level 1 specifications.

Solution for question 3

Question 4. Enrichment problem (better to spend time on HSB analyses etc)
Ecological fallacy: Is Radon good for you?
Treat this as an extended example of ecological bias.
At one time I went through the Robbins paper in class...
Solutions show you data generation procedures and illustrate the sometimes very large effects of aggregation bias. If the topic interests read through the G-R paper to see
the point.
Consider the artificial data example described in Ex 3 p.750 Greenland and Robbins American Journal of Epidemiology Vol. 139, No. 8: 747-760 Ecologic Studies—
Biases, Misconceptions, and Counterexamples (article linked on class page, week 6 under additional resources)
intro their Example 3
Suppose that our study data are limited to regional values of mean radon, mean smoking (in packs per day), and lung-cancer rates among males aged 70-74 years, for 41
regions indexed by r=0, . . ., 40.
follow their example set up and create your own artificial data example and produce the regression function and plot in their figure 1 for the effect of radon levels on lung
cancer rates
from G&R you are demonstrating the ecological fallacy because "the regressions yield an inverse association of radon and lung cancer, despite the fact that radon is a
positive risk factor in the underlying model used to generate the data,"
"Even though the lung-cancer rates show the strong upward relation to smoking one would expect from model 1, and the ecologic correlation between radon and smoking
is only 0.01, there is a significant negative ecologic association of radon with lung cancer rates."

Solution for question 4

Question 5. Simultaneous effects.
For the Duncan Haller Portes occupational aspiration example from class handout (cf Fox Soc Meth 1979 paper) replicate the 2SLS (IV) analysis of this non-recursive
model from the class handout.
Extra item: Can you fit a model which adds a path from Friend's family SES to respondents occupational aspiration?
Solution for question 5


http://rogosateaching.com/stat209/W6RQ1.sol
http://rogosateaching.com/stat209/W6RQ2.sol
http://rogosateaching.com/stat209/W6RQ2.sol
http://rogosateaching.com/stat209/W6RQ4.sol
http://rogosateaching.com/stat209/W6RQ5.sol
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16 Causal Mediation Analysis

ACME(R:,R2), sgn(A\Aq) = 1 ACME,(R:,R2), sgn(A\As) = 1
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Figure 4: Graphical display of results from the medsens function. Results as a function of
R?.

variables in the same direction by setting sign.prod = "positive" (rather than sign.prod
= "negative"). Here, we plot the total variance version of the sensitivity analysis. The bold
line represents the various combinations of the R? statistics where the ACME would be 0
(in this case the product equals .049). The graphical display also presents the corresponding
contour plots for other products of the R? statistics.

R> plot(sens.out, sens.par = "R2", r.type = "total", sign.prod = "positive")

WEEK 6

4. Causal mediation analysis of multilevel data

As of version 4.2, the mediation package supports causal mediation analysis of multilevel data
via the lmer and glmer functions in the Ime4 package (Bates, Maechler, Bolker, and Walker
2014). Researchers are often interested in analyzing data where individual observations such
as students, patients, and employees are clustered within groups such as schools, hospitals,
and companies. Data on individuals may be correlated within groups, but also different
groups may have different data generating processes. Multilevel models take into account
such heterogeneity within and between groups simultaneously.

Mediation analysis of multilevel data can be categorized into various types depending on
whether the treatment, mediator and outcome variables are each measured at the individual
or group level (see Krull and MacKinnon 2001; Zhang, Zyphur, and Preacher 2009). Regard-
less of these types, researchers can use the mediate function to analyze multilevel data by
choosing appropriate statistical models for the mediator and outcome variables. In this sec-
tion, we illustrate the use of our package for multilevel data by focusing on two types of data
structure: (1) the treatment is assigned at the group level whereas the mediator and outcome
are measured at the individual level, and (2) both the treatment and mediator are group-level
variables while the outcome is recorded at the individual level. Other combinations of data
levels can be handled via straightforward modifications to the syntax used in these examples.”

"We note that as of the writing of this article the lme4 package is known to generate slightly different

cross-level inference
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File coleman.dat contains data from a random

OO WD

NHRPRRRRRRRR RO
CWVWOWOJOU B WNRKFEO

GROUP LEVEL DATA

sample of 20 schools (from the East) from the

1966 Coleman Report.

The outcome measure C7 is the verbal mean test

score for all sixth graders in the school.
predictor variables are:

cz,

The

staff salaries

per pupil, C3, percent white collar fathers for

the sixth graders; C4 is a SES composite measure

(deviation) for the sixth graders, C5 Mean
teacher's verbal test score,

ssal whcol
3.83 28.87
2.89 20.10
2.86 69.05
2.92 65.40
3.06 29.59
2.07 44.82
2.52 77.37
2.45 24.67
3.13 65.01
2.44 9.99
2.09 12.20
2.52 22.55
2.22 14.30
2.67 31.79
2.71 11.60
3.14 68.47
3.54 42.64
2.52 16.70
2.68 86.27
2.37 76.73

ses
7.20
-11.71
12.32
14.28
6.31
6.16
12.70
-0.17
9.85
-0.05
-12.86
0.92
4.77
-0.96
-16.04
10.62
2.66
-10.99
15.03
12.77

tverb

26.
24.
25.
25.
25.
21.
24.
25.
26.
28.
23.
23.
24.
25.
25.
25.
25.
24.
25.
24.

60
40
70
70
40
60
90
01
60
01
51
60
51
80
20
01
01
80
51
51

C6 6th grade mean
mother's educational level (1 unit=2 school yrs)

momed
6.19
5.17
7.04
7.10
6.15
6.41
6.86
5.78
6.51
5.57
5.62
5.34
5.80
6.19
5.62
6.94
6.33
6.01
7.51
6.96

vach

37.
26.
36.
40.
37.
33.
41.
33.
41.
37.
23.
35.
34.
33.
22.
39.
31.
31.
43.
41.

01
51
51
70
10
90
80
40
01
20
30
20

10
70
70
80
70
10
01
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OCCASIONAL NOTES
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Chocolate Consumption (kg/yr/capita)
Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

DISCUSSION

The principal finding of this study is a surpris-
ingly powerful correlation between chocolate
intake per capita and the number of Nobel laure-
ates in various countries. Of course, a correla-
tion between X and Y does not prove causation
but indicates that either X influences Y, Y influ-
ences X, or X and Y are influenced by a common
underlying mechanism. However, since choco-
late consumption has been documented to im-
prove cognitive function, it seems most likely
that in a dose-dependent way, chocolate intake
provides the abundant fertile ground needed for
the sprouting of Nobel laureates. Obviously,
these findings are hypothesis-generating only
and will have to be tested in a prospective, ran-
domized trial.

The only possible outlier in Figure 1 seems to
be Sweden. Given its per capita chocolate con-
sumption of 6.4 kg per year, we would predict
that Sweden should have produced a total of

about 14 Nobel laureates, yet we observe 32.
Considering that in this instance the observed
number exceeds the expected number by a fac-
tor of more than 2, one cannot quite escape the
notion that either the Nobel Committee in
Stockholm has some inherent patriotic bias
when assessing the candidates for these awards
or, perhaps, that the Swedes are particularly
sensitive to chocolate, and even minuscule
amounts greatly enhance their cognition.

A second hypothesis, reverse causation —
that is, that enhanced cognitive performance
could stimulate countrywide chocolate con-
sumption — must also be considered. It is con-
ceivable that persons with superior cognitive
function (i.e., the cognoscenti) are more aware
of the health benefits of the flavanols in dark
chocolate and are therefore prone to increasing
their consumption. That receiving the Nobel
Prize would in itself increase chocolate intake
countrywide seems unlikely, although perhaps
celebratory events associated with this unique

N ENGLJ MED 367,16
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motivation for aggregation bias etc

Ecological Inference and the Ecological Fallacy

by David A. Freedman
Department of Statistics
University of California
Berkeley, CA 94720
International Encyclopedia of the
Social & Behavioral Sciences 6: 4027-30
Eds. N. J. Smelser and P. B. Baltes
Technical Report No. 549
30 October 1999

In 19th century Europe, suicide rates were higher in countries that were more heavily Protestant,
the inference being that suicide was promoted by the social conditions of Protestantism (Durkheim
1897; also see Neeleman and Lewis 1999, Whitley et al 1999). According to Carroll (1975), death
rates from breast cancer are higher in countries where fat is a larger component of the diet, the
idea being that fat intake causes breast cancer. These are ‘ecological inferences, that is, inferences
about individual behavior drawn from data about aggregates.

To continue with Durkheim, the Protestant countries were different from the Catholic countries
in many ways besides religion (the problem of ‘confounding’). Moreover, Durkheim’s data do not
tie individual suicides to any particular religious faith. The first problem, of confounding, must be
dealt with in any observational study. But the second problem—that exposure and response are
measured only for aggregates rather than for individuals—is specific to ecological studies. If there
is no confounding, the expected difference between effects for groups and effects for individuals
is ‘aggregation bias’; in general, the difference is partly attributable to confounding and partly to
aggregation bias.

The ecological fallacy consists in thinking that relationships observed for groups necessarily
hold for individuals: if countries with more Protestants tend to have higher suicide rates, then
Protestants must be more likely to commit suicide; if countries with more fat in the diet have higher
rates of breast cancer, then women who eat fatty foods must be more likely to get breast cancer.
These inferences may be correct, but are only weakly supported by the aggregate data.

Ecological studies in epidemiology yielded important insights for Snow (1855), Finlay (1881),
Goldberger (Terris 1964), and Dean (1938) among others. However, it is all too easy to draw
incorrect conclusions from aggregate data. Greenland and Robins (1994) review the issues. For
one example, recent studies of individual-level data cast serious doubt on the link between breast
cancer and fat intake (Holmes et al. 1999). Another well-known example, on the sources of popular
support for the Nazi party in pre-war Germany, is discussed by Lohmoller et el. (1985).

1. Ecological Correlation

Robinson (1950) discusses ecological inference, stressing the difference between ecological
correlations and individual correlations. One striking example is the relationship between nativijty
and literacy. For each of the 48 states in the USA of 1930, Robinson computes two numbadrs:
the percent of the population who are foreign-born, and the percent who are literate. (The bgse
for each percentage is the number of residents of the state who are 10 or older; data are fronjthe
Census of 1930.) The correlation between the 48 pairs of numbggs is .53. This is an ‘ecologidal’

1
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correlation, because the unit of analysis is not an individual person but a group of people—the
residents of a state. The ecological correlation suggests a positive association between fordign
birth and literacy: the foreign-born are more likely to be literate (in American English) than th
native-born. In reality, the association is negative: the correlation computed at the individual levil
is—.11. The ecological correlation gives the wrong inference. The sign of the correlation is positi
because the foreign-born tend to live in states where the native-born are relatively literate.

1.0

FRACTION THAT HAS HIGH INCOME

O T T T T 1
0 2 A4 .6 .8 1.0
FRACTION THAT IS FOREIGN BORN

Figure 1

For each state, the horizontal axis shows the fraction of the population aged 25 and
over that is foreign-born; the vertical axis shows the fraction having high incomes; the
regression line is shown too; data from the Current Population Survey

The example can be replicated using data from the March 1995 Current Population Survey,
restricted to persons age 25 and over. Literacy is not reported, but incomes are. Say that a person
has ‘high’ income if family income in 1994 was $50,000 or more. Figure 1 shows for each of
the 50 states the fraction of persons who are foreign-born, and the fraction of persons who have
high incomes. The regression line is shown too. The ecological correlation (across the 50 areas) is
.52, suggesting that the foreign-born have higher incomes on the whole than the native-born. The
truth is the opposite. About 35% of the native-born have high incomes, compared to 28% for the
foreign-born. The correlation at the individual leveHs05. In Fig. 1, there is no state where the
fraction of foreign-born approaches 1. However, the same sort of reversal can occur even with a
full spectrum ofx-values. The issue is the disaggregation, not the range of the data.
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