
Question 5. Observational Studies: Regression Adjustments.  
The display from lecture of the regression adjustments also has a numerical example (page 2 of pdf). Recreate the results shown for the Anderson et al Head Start example.
Also for lecture materials, Regression Adjustments with Non-equivalent groups Week 4, show that the Belson adjustment procedure (using control group slope) is equivalent to evaluating the
vertical distance between the within-group regression fits at the mean of the treatment group. written out proof.

   Instrumental variables 
Question 6. Mroz87 data analysis, Panel Study of Income Dynamics" (PSID) .
Extended Instrumental Variables data analysis examples in Lab 3 of legacy Stat209.
     Lab 3 Instrumental Variables.       Lab3, exposition and commands     
     Lab 3, Rogosa R-session        Mroz87 data description     Lab3 
note: read.table("http://statweb.stanford.edu/~rag/stat209/Mroz87.dat", header = T) reads in the 753 cases.

Question 7.
Recreate the IV artificial data demo from class handout week 4, the "measurement error example" using mvrnorm to get the artificial data (n=1000) to match exactly the specified parameters of
the data generation.

Solution for question 7

Question 8. Simulation from Freedman.
Try to recreate the simulation described in Freedman text bottom p.191-top p.192 (note: page 199 revised version)
scan of pages 191-192 at
http://statweb.stanford.edu/~rag/stat209/dafp191.pdf 

Solution for question 8

Week 5

1.  Failures of Traditional Path Analysis (and Structural Equation Models) in Observational Studies: Multiple Regression with Pictures

Lecture topics
1. Traditional Path Analysis introduction and examples (incl Blau-Duncan from Freedman chap 5).   class handouts; basics and examples 
        [time permitting a little on Structural equation models: introduction and examples.   old class handout]
2. Three-strikes against these causal models. Does path analysis identify causal effects? Demonstrations of failure for Holland's encouragement design, Rogosa longitudinal examples
(Goldstein, simplex).        class handout      Encouragement design slides
3. Traditional Path Analysis (regression) models are NOT modern causal graphs or DAG (directed acyclic graph). Quick overview. 

Primary Readings
1. From David Freedman    response schedules, path analysis examples and potential outcomes in Statistical Models for Causation: A critical review    
Freedman text Chap 5 (Chap 6 in revised ver). 
2. David Rogosa. Casual Models Do Not Support Scientific Conclusions: A Comment in Support of Freedman.
Journal of Educational Statistics, Vol. 12, No. 2. (Summer, 1987), pp. 185-195. Jstor link 
3. Revisit Week 1--Paul Holland: Encouragement design results; sections 3-5 Causal Inference, Path Analysis, and Recursive Structural Equations Models Paul W. Holland Sociological
Methodology, Vol. 18. (1988), pp. 449-484.

Path Analysis Research Examples
    Adolescent depression via path analysis
 Depression in girls linked to higher use of social media (Guardian)      Social media linked to higher risk of depression in teen girls (Reuters).   Publication: Social Media Use and Adolescent
Mental Health: Findings From the UK Millennium Cohort Study  EClinicalMedicine published by The Lancet, 2019  has multiple regression and path analysis, wow.
    Video Game Violence and Agression via path analysis
CNN: Violent video games linked to child aggression    publication: Longitudinal Effects of Violent Video Games on Aggression in Japan and the United States Craig A. Anderson, Akira
Sakamoto, Douglas A. Gentile, Nobuko Ihori, Akiko Shibuya, Shintaro Yukawa, Mayumi Naito, and Kumiko Kobayashi Pediatrics 2008; 122: e1067-e1072.
More using latent growth curve methods (structural equation models) Do video games fuel mental health problems?     New Study Links Video Games and Mental Problems   Publication:
Douglas A. Gentile, Hyekyung Choo, Albert Liau, Timothy Sim, Dongdong Li, Daniel Fung, and Angeline Khoo Pathological Video Game Use Among Youths: A Two-Year Longitudinal
Study Pediatrics published online January 17, 2011 (10.1542/peds.2010-1353) 
    Stress and illness? follow the path
Life events, fitness, hardiness, and health: A simultaneous analysis of proposed stress-resistance effects. Roth, David L.; Wiebe, Deborah J.; Fillingim, Roger B.; Shay, Kathleen A. Journal of
Personality and Social Psychology. Vol 57(1), Jul 1989, 136- 142.
    TV Viewing and ADHD by LISREL
There Is No Meaningful Relationship Between Television Exposure and Symptoms of Attention-Deficit/Hyperactivity Disorder. Tara Stevens and Miriam Mulsow Pediatrics 2006;117;665-672
DOI: 10.1542/peds.2005-0863
    Social Stratification, Blau-Duncan
see D. Freedman, Statistical Models for Causation

R Implentations and Resources. 
See also Social Science and Psychometrics Task Views)
John Fox sem exposition   talk format   another talk   also Sec.5 Stats with R
Structural Equation Models package in R,   sem manual    OpenMx - Advanced Structural Equation Modeling   Using R for Structural Equation Model:
R-implementations: Graphical Models, Causal Diagrams. CRAN Task View: gRaphical Models in R .   Peter Buehlmann and pcalg package.

Additional Resources
   Path Analysis
Class Theme Song  Ballad of the casual modeler    http://http://rogosateaching.com/stat209/ballad.mp3 
Path analysis intros    Useful classnotes:     Notre Dame 
Path Analysis: Sociological Examples. Otis Dudley Duncan The American Journal of Sociology, Vol. 72, No. 1. (Jul., 1966), pp. 1-16. Jstor link
D.A. Freedman, Comments on Standardizing Path Diagrams: What Are the Parameters?
A reconsideration by a wise psychologist: The Path Analysis Controversy: A new statistical approach to strong appraisal of verisimilitude Meehl, Paul E; Waller, Niels G Psychological
Methods. Vol 7(3), Sep 2002, pp. 283-300.  available from SU APA pubs
Path Analysis, special issue: Journal of Educational Statistics Publication Info Vol. 12, No. 2, Summer, 1987 Issue        As Others See Us: A Case Study in Path Analysis(pp. 101-128) D. A.
Freedman 
Original publication on the longitudinal path analysis:   Some Models for Analysing Longitudinal Data on Educational Attainment. Harvey Goldstein         Journal of the Royal Statistical
Society. Series A (General), Vol. 142, No. 4. (1979), pp. 407-442.  Jstor link
Technical details on Rogosa longitudinal examples:
     Rogosa, D. R. (1993). Individual unit models versus structural equations: Growth curve examples. 
     In Statistical modeling and latent variables, K. Haagen, D. Bartholomew, and M. Diestler, Eds. Amsterdam: Elsevier North Holland, 259-281.
     Rogosa, D. R., & Willett, J. B. (1985). Satisfying a simplex structure is simpler than it should be. 
     Journal of Educational Statistics, 10, 99-107. Jstor link
   Structural equation models
Structural equation modeling is a major industry in social and behavioral science with many texts (such as Principles and Practice of Structural Equation Modeling 2nd Edition Rex B. Kline;
here's a long list), specialized courses, dedicated journals (Structural Equation Modeling: A Multidisciplinary Journal), and specialized computer programs (e.g., LISREL, EQS, AMOS). 
Maximum likelihood factor analysis: A General Method for Analysis of Covariance Structures, K. G. Joreskog, Biometrika, Vol. 57, No. 2. (Aug., 1970), pp. 239-251. 

http://web.stanford.edu/~rag/stat222/week6RQ3.pdf
http://rogosateaching.com/stat209/belson.pdf
http://rogosateaching.com/stat209/19InstrumentVariablesLab.R
http://rogosateaching.com/stat209/19lab3
http://statweb.stanford.edu/~rag/stat209/mroz87data
http://rogosateaching.com/stat209/W4RQ7.sol
http://rogosateaching.com/stat209/W4RQ8.sol
http://web.stanford.edu/~rag/stat209/pathexs.pdf
http://www-stat.stanford.edu/~rag/stat209/sem.pdf
http://web.stanford.edu/~rag/stat209/pathwork.pdf
http://www-stat.stanford.edu/~rag/stat209/resultsencourage.pdf
http://media.wiley.com/product_data/excerpt/04/04708608/0470860804-5.pdf
http://links.jstor.org/sici?sici=0362-9791%28198722%2912%3A2%3C185%3ACMDNSS%3E2.0.CO%3B2-G
http://links.jstor.org/sici?sici=0081-1750%281988%2918%3C449%3ACIPAAR%3E2.0.CO%3B2-F
https://www.theguardian.com/society/2019/jan/04/depression-in-girls-linked-to-higher-use-of-social-media
https://www.reuters.com/article/us-health-depression-socialmedia/social-media-linked-to-higher-risk-of-depression-in-teen-girls-idUSKCN1OY00I
https://www.thelancet.com/journals/eclinm/article/PIIS2589-5370%2818%2930060-9/fulltext
http://www.cnn.com/2008/HEALTH/family/11/03/healthmag.violent.video.kids/index.html
http://pediatrics.aappublications.org.laneproxy.stanford.edu/cgi/reprint/122/5/e1067
http://www.reuters.com/article/idUSTRE70G15J20110117?feedType=RSS&feedName=technologyNews
http://news.slashdot.org/story/11/01/17/1335219/New-Study-Links-Video-Games-and-Mental-Problems
http://pediatrics.aappublications.org.laneproxy.stanford.edu/cgi/reprint/peds.2010-1353v1
https://socialsciences.mcmaster.ca/jfox/Misc/sem/SEM-paper.pdf
https://pdfs.semanticscholar.org/0820/fb113b8b5877c95e475bd8bbbf6ed55afe01.pdf
http://statmath.wu.ac.at/courses/StatsWithR/Topic-5.pdf
http://statmath.wu-wien.ac.at/courses/StatsWithR/index.html
http://cran.r-project.org/web/packages/sem/sem.pdf
https://openmx.ssri.psu.edu//
http://www.r-project.org/nosvn/conferences/useR-2011/TalkSlides/Contributed/16Aug_1600_FocusII_6-Business_2-Piboonrungroj.pdf
http://cran.r-project.org/web/views/gR.html
http://cran.r-project.org/web/packages/pcalg/vignettes/pcalgDoc.pdf
http://www.nd.edu/~rwilliam/stats2/l62.pdf
http://links.jstor.org/sici?sici=0002-9602%28196607%2972%3A1%3C1%3APASE%3E2.0.CO%3B2-O
http://www.stat.berkeley.edu/~census/standard.pdf
http://psycnet.apa.org.laneproxy.stanford.edu/journals/met/7/3/283.pdf
http://www.jstor.org/stable/i249045
http://www.jstor.org/stable/1164888
http://links.jstor.org/sici?sici=0035-9238%281979%29142%3A4%3C407%3ASMFALD%3E2.0.CO%3B2-0
http://www-stat.stanford.edu/~rag/ed351longit/trento.pdf
http://links.jstor.org/sici?sici=0362-9791%28198522%2910%3A2%3C99%3ASASSIS%3E2.0.CO%3B2-5
http://www.guilford.com/cgi-bin/cartscript.cgi?page=pr/kline.htm&dir=pp/paci&cart_id=
http://www2.gsu.edu/~mkteer/bookfaq.html
http://www.tandfonline.com/loi/hsem20
http://links.jstor.org/sici?sici=0006-3444%28197008%2957%3A2%3C239%3AAGMFAO%3E2.0.CO%3B2-5
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Structural equation modeling from Scientific Software International home of LISREL Student editions, documentation, examples, etc 
   Graphical Models, Causal Diagrams
Original Epi exposition.  Greenland S., Pearl J., and Robins J.M. Causal diagrams for epidemiologic research. Epidemiology, 10(1):37-48, 1999.
Richardson and Robbins attempts at unification.   Single World Intervention Graphs: A Primer   Longer version     
Graphical Markov Models: Overview   Nanny Wermuth and D.R. Cox
C. Shalizi. Advanced Data Analysis from an Elementary Point of View, 2017; Chapter 24 (except 24.2) 

2.  Interpreting Associations: Spurious Correlation and Simpson's Paradox

Lecture topics
Class handout: Third Variables (page 1)
1. Spurious Correlation: some historical notes; partial and part correlations. (class slides)
2. Simpson's paradox wiki page (dichotomous outcome slide) 

Research Examples
From Week 0 intro:    Secret to Winning a Nobel Prize? Eat More Chocolate  (Time)   Publication: Chocolate Consumption, Cognitive Function, and Nobel Laureates Franz H. Messerli, M.D. N
Engl J Med 2012; 367:1562-1564 October 18, 2012
Correlation study.  New study finds sweary people are more honest    Publication: Frankly, We Do Give a Damn: The Relationship Between Profanity and Honesty, Social Psychological and
Personality Science.
Size does matter.  Bigger is smarter: Overall, not relative, brain size predicts intelligence.  Publication: Deaner RO, Isler K, Burkart J, van Schaik C:   Overall Brain Size, and Not
Encephalization Quotient, Best Predicts Cognitive Ability across Non-Human Primates.   Brain Behav Evol 2007;70:115-124 (DOI: 10.1159/000102973)
   Spurious Correlation
perennial favorite Spurious Correlation examples   
Correlations Genuine and Spurious in Pearson and Yule, John Aldrich Statistical Science, Vol. 10, No. 4. (Nov., 1995), pp. 364-376.  Jstor link
Spurious Correlation: A Causal Interpretation. Herbert A. Simon Journal of the American Statistical Association, Vol. 49, No. 267. (Sep., 1954), pp. 467-479. Jstor link
   Simpson's Paradox
Kidney stone example  Confounding and Simpson's paradox, BMJ, vol309, 1480-1, 1994
UC Berkeley admissions, Racial bias in Death Penalty in wiki page.

R Implentations and Resources. 
Spurious correlation?
R-Package ppcor October 29, 2012 Title Partial and Semi-partial (Part) correlation
Simpson's Paradox.
R-package Simpsons.   Frontiers in Psychology. 2013; 4: 513. Simpson's paradox in psychological science: a practical guide

Week 5 Review Questions

   Path Analysis and Friends
Question 1. Freedman, Blau-Duncan example in class handout.
Freedman links "Stat Models for Causation" (pp3-4) or Freedman text Ch6 (revised)
Replicate class handout computations for the path analysis
Plus questions from Freedman text: scan of pp.80-81 at (pp86-7 revised ed) http://web.stanford.edu/~rag/stat209/DAFtextp8081.pdf (includes standardization material Hookes Law on week 4
class handout).
Freedman pp80-1 (set A) prob 1 prob 5 prob 6 prob 8
pdf scan also includes freedman Set E, p.97 prob 4(a,b) (p.103 revised)

Solution for question 1

Question 2. Causal Models of Publishing Productivity
freedman p.101 prob 5 (page 107 in revised version)
This Homework problem considers one of the path analysis models from "Causal Models of Publishing Productivity in Psychology", Rogers & Maranto, J. Applied Psychology, 1989, 74(4),
636-649.
direct link to paper http://content.apa.org/journals/apl/74/4/636.pdf
The path analysis conducted by the authors from a sample of 86 men and 76 women is shown in p.101 of Freedman's text and on page 647 of the publication; that page also exists at
http://www-stat.stanford.edu/~rag/stat209/pathpage647.pdf
You do have the correlation matrix from adding Table 7 fits and residuals. But here all the problem asks you to do is look at and consider the usefulness of this analysis. 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")

http://www.ssicentral.com/
http://www.biostat.harvard.edu/robins/publications/causaldia.pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.644.1881&rep=rep1&type=pdf
http://www.csss.washington.edu/Papers/wp128.pdf
http://www.math.chalmers.se/~wermuth/pdfs11plus/WerCox15_Graphical_Markov_Models_Overview.pdf
http://www.stat.cmu.edu/~cshalizi/ADAfaEPoV/ADAfaEPoV.pdf
http://web.stanford.edu/~rag/stat209/thirdvarhnd.pdf
http://rogosateaching.com/stat209/partcor.pdf
http://en.wikipedia.org/wiki/Simpson's_paradox
http://rogosateaching.com/stat209/dichot.pdf
http://healthland.time.com/2012/10/12/can-eating-chocolate-help-you-win-a-nobel-prize/
http://www.nejm.org.laneproxy.stanford.edu/doi/pdf/10.1056/NEJMon1211064
https://www.indy100.com/article/swearing-profanity-honesty-psychology-facebook-dishonest-8137476
https://www.academia.edu/29725191/Frankly_we_do_give_a_damn_The_relationship_between_profanity_and_honesty
http://www.physorg.com/news98731433.html
http://content.karger.com/ProdukteDB/produkte.asp?Aktion=ShowAbstract&ArtikelNr=102973&Ausgabe=233218&ProduktNr=223831
http://www.tylervigen.com/spurious-correlations
http://links.jstor.org/sici?sici=0883-4237%28199511%2910%3A4%3C364%3ACGASIP%3E2.0.CO%3B2-U
http://links.jstor.org/sici?sici=0162-1459%28195409%2949%3A267%3C467%3ASCACI%3E2.0.CO%3B2-V
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2541623/pdf/bmj00468-0032.pdf
http://cran.r-project.org/web/packages/ppcor/ppcor.pdf
http://cran.r-project.org/web/packages/Simpsons/Simpsons.pdf
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3740239/
http://rogosateaching.com/stat209/W5RQ1.sol
http://rogosateaching.com/stat209/W5RQ2.sol
http://rogosateaching.com/stat209/W5RQ3.sol
http://statweb.stanford.edu/~rag/stat209/hw3p5.pdf
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Denis Campbell Health policy editor

Research suggests link between social media use and depressive symptoms was stronger for girls
compared with boys

The study found that girls are more likely to display signs of depression linked to their interaction with social media platforms such as Instagram, WhatsApp and
Facebook. Photograph: Alamy Stock Photo

Thu 3 Jan 2019 19.01 EST

Girls’ much-higher rate of depression than boys is closely linked to the greater time they spend on social media, and
online bullying and poor sleep are the main culprits for their low mood, new research reveals.

As many as three-quarters of 14-year-old girls who suffer from depression also have low self-esteem, are unhappy with
how they look and sleep for seven hours or less each night, the study found.

“Girls, it seems, are struggling with these aspects of their lives more than boys, in some cases considerably so,” said Prof
Yvonne Kelly, from University College London, who led the team behind the findings.

The results prompted renewed concern about the rapidly accumulating evidence that many more girls and young women
exhibit a range of mental health problems than boys and young men, and about the damage these can cause, including
self-harm and suicidal thoughts.

The study is based on interviews with almost 11,000 14-year-olds who are taking part in the Millennium Cohort Study, a
major research project into children’s lives.

It found that many girls spend far more time using social media than boys, and also that they are much more likely to

Depression in girls linked to higher use of social media | Society | The Guardian
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display signs of depression linked to their interaction on platforms such as Instagram, WhatsApp and Facebook.

It found that two in five girls are on social media at least three hours a day compared to a fifth of their male peers. While
one in 10 boys do not use social media at all, only 4% of girls said the same.

“The link between social media use and depressive symptoms was stronger for girls compared with boys. For girls,
greater daily hours of social media use corresponded to a stepwise increase in depressive symptoms,” explained Kelly.

For example, while 7.5% of 14-year-old girls and 4.3% of 14-year-old boys have been the victim of online harassment,
35.6% of girls who are depressed have experienced that – double the 17.4% of boys who have done so. Among teenagers
who had perpetrated online bullying, 32.8% of girls and 7.9% of boys were depressed.

That pattern of stark gender differences was repeated when young people were quizzed about other key aspects of their
feelings and behaviour, Kelly’s team found.

Social media is also closely associated with poor sleeping habits, especially among 14-year-olds showing clinical signs of
depression. While just 5.4% of girls and 2.7% of boys overall said they slept for seven hours or less, 48.4% of girls with
low mood and 19.8% of such boys said the same. Half of depressed girls and a quarter of depressed boys said that they
suffer from disrupted sleep “most of the time”.

The authors say the sleep disruption is due to young people staying up late to use social media and being woken up by
alerts coming in to their phones beside their beds. Their findings are published on Friday in EClinicalMedicine, a journal
published by the Lancet.

“Inevitably there is the chicken and egg question, as to whether more dissatisfied children, who to begin with are less
pleased with their body shape and have fewer friends then spend more time on social media. Nonetheless, it is likely that
excessive use of social media does lead to poorer confidence and mental health,” said Prof Stephen Scott, the director of
the national academy for parenting research at the institute of psychiatry, psychology and neuroscience at King’s College
London.

Prof Sir Simon Wessely, an ex-president of the Royal College of Psychiatrists, said the researchers “still cannot definitely
say that social media usage causes poor mental health, although the evidence is starting to point in that direction”.

Government ministers and Simon Stevens, the chief executive of NHS England, have called on social media companies
to do much more to limit the amount of time young people spend using their platforms. Stevens has suggested taxing
companies to help the NHS cover the costs of treating soaring numbers of under-18s suffering problems such as anxiety,
depression, eating disorders and psychosis, which Theresa May has made a personal priority.

Anne Longfield, the children’s commissioner for England, has warned that even some children as young as nine “are
becoming almost addicted to ‘likes’ as a form of social validation that makes them happy, and many are increasingly
anxious about their online image and ‘keeping up appearances’.

“Their use of platforms like Instagram and Snapchat can also undermine children’s view of themselves by making them
feel inferior to the people they follow,” she added.

Barbara Keeley, the shadow minister for mental health, said social media firms should be forced to adopt a new duty of
care to protect young users.

But Dr Nihara Krause, a consultant clinical psychologist who specialises in teenagers’ mental wellbeing, cautioned
against heaping too much blame on social media for the huge recent rise in mental ill-health among under-18s.
“Depression and all mental ill-health conditions arise due to a range of complex factors, usually a biological,
psychological and social mix,” she said.

An NHS England spokesperson said: “These findings add to the growing evidence base and show precisely why the
concerns that we and others have raised about the potential harmful links between social media and young people’s
mental health need to be taken seriously.

“Everyone must start taking responsibility, including social media giants, to help young people develop and maintain
good mental health, rather than let problems build up to the point that they need specialist help from the NHS.”

‘It really affected the way I looked at my own body’
Shannon McLaughlin, 18, from Blackburn, has opened up about how social media has harmed her mental health.

Depression in girls linked to higher use of social media | Society | The Guardian
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Background

Evidence suggests social media use is associated with mental health in young people

but underlying processes are not well understood. This paper i) assesses whether

social media use is associated with adolescents' depressive symptoms, and ii)

investigates multiple potential explanatory pathways via online harassment, sleep,

self-esteem and body image.

Methods

We used population based data from the UK Millennium Cohort Study on 10,904

14 year olds. Multivariate regression and path models were used to examine

associations between social media use and depressive symptoms.

Findings

The magnitude of association between social media use and depressive symptoms was

larger for girls than for boys. Compared with 1–3 h of daily use: 3 to <5 h 26% increase

in scores vs 21%; ≥5 h 50% vs 35% for girls and boys respectively. Greater social

media use related to online harassment, poor sleep, low self-esteem and poor body

e; in turn these related to higher depressive symptom scores. Multiple potentia

ening pathways were apparent, for example: greater hours social media use

Yvonne Kelly Ü m • Afshin Zilanawala •

ONLINE FIRST

Social Media Use and Adolescent Mental Health: Findings From the UK Millennium Cohort Study

Cara Booker • Amanda Sacker

Open Access• Published: January 04, 2019 • DOI: https://doi.org/10.1016/j.eclinm.2018.12.005
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measure was not used as a continuous variable due to heteroscedasticity. We

generated a variable as follows: none, <1 h, 1 to <3 h, 3 to <5 h, ≥5 h. 1–3 h was the

most prevalent category and is used as the reference category in multivariate

modelling.

Questionnaire items on online harassment, sleep, self-esteem (Rosenberg scale [30])

and body image are detailed in Box 1.

The online harassment measure was treated as a categorical variable due to

distributional patterns. A binary variable for self-esteem was used because of

non-normal distribution for which no transformation was satisfactory, and the raw data

showed significant heteroscedasticity.

2.3 Confounders

In line with prior research [9] we controlled for the following confounders in our

analyses: family income – equivalised fifths; family structure (two vs one parent); and

age in years. In an attempt to take account of the potentially cyclical association

between social media use and depressed mood we controlled for internalising

symptoms (continuous scale, derived from the parent completed Strengths and

Difficulties Questionnaire) [31] from earlier in adolescence when participants were aged

11.

2.4 Study Sample

We analysed data on singleton-born cohort members for whom data on depressive

symptoms were available. The analytical sample was 10,904 after multiply imputing

missing values on explanatory factors due to item non-response, with the amount of

missing covariate data ranging from 0% to 8%. We employed multiple imputation which

accounts for uncertainty about missing values by imputing several values for each

missing data point [32]. We imputed 20 data sets, and report consolidated results from

putations using Rubin's combination rules [33]. Results from the imputed analyses

ot vary substantively from the analyses using listwise deletion (analysis not

Log in s
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removing variables in separate blocks of adjustment, as follows:

Model 0 – social media use plus confounders (family income, family structure, age,

internalising symptoms at age 11)

Model 1 – M0 plus online harassment

Model 2 – M0 plus sleep quantity and quality (sleep hours, latency and disruption)

Model 3 – M0 plus self-esteem

Model 4 – M0 plus body image (happy with appearance and body weight satisfaction)

The potential a priori moderating effect of gender on the social media use and

depressive symptoms relationship was tested for (using Wald t-tests) by adding in a

gender by social media use interaction term to Model 0 (p < 0.05). The regression

model findings are therefore presented for girls and boys separately. Wald tests

assessed the a priori role of online harassment, sleep, self-esteem and body image as

mediators between social media use and log depressive symptoms, by showing the

significance of social media use before (Model 0) and after their introduction (Models

1–4).

In supplementary analysis, to assess consistency of findings, we ran logistic regression

models using a binary indicator for clinically relevant symptoms.

Path models were then estimated to quantify the hypothesised explanatory pathways

between social media use and mental health (see Fig. 1). A first model allowed all

paths to differ by gender. Wald tests then assessed the statistical significance of any

differences, after Bonferroni adjustment to account for the 75 tests. In the second

model, all non-significantly different paths were constrained to be equal across gender.

The path models were estimated using the generalised structural equation model,

M command in Stata, which allows for the continuous, binary, categorical and

Log in s
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The Path Analysis Controversy: A New Statistical Approach to
Strong Appraisal of Verisimilitude

Paul E. Meehl
University of Minnesota

Niels G. Waller
Vanderbilt University

A new approach for using path analysis to appraise the verisimilitude of theories is
described. Rather than trying to test a model’s truth (correctness), this method
corroborates a class of path diagrams by determining how well they predict intra-
data relations in comparison with other diagrams. The observed correlation matrix
is partitioned into disjoint sets. One set is used to estimate the model parameters,
and a nonoverlapping set is used to assess the model’s verisimilitude. Computer
code was written to generate competing models and to test the conjectured model’s
superiority (relative to the generated set) using diagram combinatorics and is avail-
able on the Web (http://www.vanderbilt.edu/quantmetheval/downloads.htm).

Path analysis, whatever its ultimate fate, will pre-
sent historians and philosophers of science with a
puzzle. Ever since Sewall Wright’s classic (1921) ar-
ticle and the ensuing exchanges with his critic, Niles
(1922, 1923; Wright, 1923), there has been sharp dis-
agreement about the method’s value (Breckler, 1990;
Cliff, 1983; Karlin, Cameron, & Chakraborty, 1983;
McKim & Turner, 1997). Some consider it one of the
best ways to make causal inferences from correla-
tional data; others view it as not only worthless but
misleading and not to be used at all (e.g., Freedman,
1987, 1997; Rogosa, 1987). Today, after three gen-
erations of discussion by statisticians, psychologists,
sociologists, economists, political scientists, geneti-
cists, and philosophers of science, the disagreement
still seems about as great and irresoluble as in the
Wright–Niles exchange (for historical reviews of path
analysis and structural equation models, see Aigner,
Hsiao, Kapteyn, & Wansbeek, 1984; Austin & Wolfe,
1991; Bentler, 1980; Bielby & Hauser, 1977; Epstein,
1987; Shipley, 2000).

Wherever one may stand as to the merits of path
analysis—or to the family of techniques known as
covariance structure models (CSM)—it must be ad-
mitted that the persistence of this disagreement re-
quires explanation. After all, Wright’s (1921) original
equations are merely basic algebra (for the mathemat-
ics of path analysis, see Bollen, 1989; Duncan, 1975);
thus it can hardly be a dispute about the mathematics,
about theorems, about the formalism as such. Nor can
it be a dispute about the facts, which consist of ob-
served correlation (or covariance) coefficients that
can be made as stable and robust as we wish by in-
creasing sample size.1 The explicit goal of the proce-
dure is the inference from a set of correlations to a set
of causal paths with their inferred quantitative
weights. We propose that the persisting disagreement
is neither mathematical nor factual, but methodologi-
cal or, if you like, “philosophical” in nature. Although
the rules of the formalism are not problematic, the
empirical scientist still has a certain amount of free-
dom, because one can move through the formalism
via different epistemic paths. Developing and defend-
ing this thesis is the purpose of this article, along with
a novel statistical approach that is suggested thereby.2

We are grateful to Judea Pearl, William Rozeboom, Keith
Widaman, Leslie Yonce, and Steve West for helpful com-
ments on an earlier version of this article.

Correspondence concerning this article should be ad-
dressed to Paul E. Meehl, Department of Psychology, Uni-
versity of Minnesota, Elliott Hall, 75 East River Road, Min-
neapolis, Minnesota 55455-0344, or to Niels G. Waller,
Department of Psychology and Human Development, Pea-
body College, Vanderbilt University, Box 512, Nashville,
Tennessee 37203. E-mail: pemeehl@umn.edu or
niels.waller@vanderbilt.edu

1 That some social scientists use path analysis on samples
so small as to permit disputes about the estimates is a re-
flection of a widespread bad habit of our profession, not a
valid objection to the method.

2 Some readers may question our focus on path analysis
rather than latent variable models, the latter being known as

Psychological Methods Copyright 2002 by the American Psychological Association, Inc.
2002, Vol. 7, No. 3, 283–300 1082-989X/02/$5.00 DOI: 10.1037//1082-989X.7.3.283
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 2

X Y

x1 x2 y1 y2

e1 e2 e3 e4

u

a b

f

c d

 

In this model, X and Y are unobserved variables, x1, x2, y1, and y2 are observed 
indicators, e1-e4 and u are random errors.  a, b, c, d, and f are correlation coefficients.   

If we know the six correlations among the observed variables, simple hand calculations 
can produce estimates of a through f.  Can also test the fit of the model. 

Why is it important to estimate models like this?  

 Most variables are measured with at least some error.  

 In a regression model, measurement error in independent variables can produce 
severe bias in coefficient estimates.   

 Can correct this bias if we have multiple indicators for variables with 
measurement error.  

Although SEM’s can be very useful, the methodology is often used badly and 
indiscriminately. 

 Often applied to data where it’s inappropriate. 

 Can often obscure rather than illuminate.   

 Easy to get sucked into overly complex modeling. 
 
Path Analysis 
 
In the SEM literature, it’s common to represent a linear model by a path diagram. 

A diagrammatic method for representing a system of linear equations.  Precise rules so 
that you can write down equations from looking at the diagram. 

Single equation:  y  =  b0 + b1x1 + b2x2 + ε beta's indicated by "b"

from Paul Allison, U Penn class notes
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x

x

1

2

y ε

 

Direct causal effect

Correlation
(no causal assumptions)

 

Why the curved arrow?  Omitting it implies that rho12  =  0.   

Endogenous variables  Variables caused by other variables in the system.  These 
variables have straight arrows leading into them.  

Exogenous variables  Variables not caused by others in the system.  No straight arrows 
leading into them.  

Not the same as dependent and independent because a variable that is dependent in 
one equation and independent in another equation is still endogenous.  

Curved lines can only link exogenous variables. 

Three variables: 

  

x

x

1

2 y ε

x3
 



Intro to path analysis—Page 1 

Intro to path analysis 
 

Sources. This discussion draws heavily from Otis Dudley Duncan’s Introduction to Structural 

Equation Models. 

Overview. Our theories often lead us to be interested in how a series of variables are interrelated. 

It is therefore often desirable to develop a system of equations, i.e. a model, which specifies all 

the causal linkages between variables.For example, status attainment research asks how family 

background, educational attainment and other variables produce socio-economic status in later 

life. Here is one of the early status attainment models (see Hauser, Tsai, Sewell 1983 for a 

discussion): 

 

 

Among the many implications of this model are that Parents’ Socio-Economic Status (X7) 

indirectly affects the Educational Attainment (X2) and Occupational Aspirations (X3) of 

children. These, in turn, directly affect children’s Occupational Attainment (X1). In other words, 

higher parental SES helps children to become better educated and gives them higher occupational 

aspirations, which in turn leads to greater occupational achievement. Our earlier discussion of the 

Logic of Causal Order, combined with the current discussion of Path Analysis, can help us better 

understand how models such as the above work. 

Review of key lessons from the logic of causal order. In the logic of causal order, we 

learned that the correlation between two variables says little about the causal relationship 

between them. This is because the correlation between two variables can be due to 
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Figure 1 of the publication [attached to exam] shows the path diagram for the    
effects of habitual violent video games (HVGV). Measures shown are gender,    
measurements of HVGV and physical aggression at time1 and measurement of    
physical aggression at a later time (time2). (These are self-report measure of    
frequency of physical aggression.)

'causal --> "as is by experiment" conclusions    
                                             increase in HVGV increases agression???

reciprocal effects Week 6 TV violence and agression
Does X cause Y or does Y cause X?
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Tweet 0

Like

Video games drawn into violence debate
Benny Evangelista
Published 10:13 pm, Wednesday, January 23, 2013

State Sen. Leland Yee's ban on sales of violent games to minors was tossed by the high court. Photo: Michael Macor, The Chronicle

 

When the U.S. Supreme Court ruled in 2011 that there was no

proof that violent video games caused minors to act violently,

the video game industry believed an age-old debate was

finally over.

But in the aftermath of the Sandy Hook killings, the video

industry is once again under scrutiny. This time, President
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 6

⇓y2   Direct effect 

⇓32⇓y3 Indirect effect through x3 

As we’ll see in a moment, you can use these results to compute percentage of the total 
effect.  This works with either standardized or unstandardized coefficients, and you get 
the same results. 

See Duane F. Alwin and Robert M. Hauser (1975), “The decomposition of effects in 
path analysis.” American Sociological Review 40: 37-47. 

Numerical examples 

.20
x

x

1

2

y ε1

ε2

.30.50

 

Total effect of x1 is .20 + .50 (.30) = .35.  The percentage of the total effect that is direct 
is  

 .20/.35 = 57% 

More complicated example 

1

x

x

x

y ε

ε

1

2

3 3

2ε

Age

Yrs. of School

Bar Freq.

Alcohol Consumption
-.31

-.07

-.33
.04

.16

.49

.95

.83

.94

 

The numbers on the arrows joining measured variables are standardized coefficients 
obtained by using OLS for each equation.  The numbers on the disturbance paths are 
found by the formula     sqrt(1 - R^2)
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y2   Direct effect 

32 y3 Indirect effect through x3 

As we’ll see in a moment, you can use these results to compute percentage of the total 
effect.  This works with either standardized or unstandardized coefficients, and you get 
the same results. 

See Duane F. Alwin and Robert M. Hauser (1975), “The decomposition of effects in 
path analysis.” American Sociological Review 40: 37-47. 

Numerical examples 

.20
x

x

1

2

y ε1

ε2

.30.50

 

Total effect of x1 is .20 + .50 (.30) = .35.  The percentage of the total effect that is direct 
is  

 .20/.35 = 57% 

More complicated example 

1

x

x

x

y ε

ε

1

2

3 3

2ε

Age

Yrs. of School

Bar Freq.

Alcohol Consumption
-.31

-.07

-.33
.04

.16

.49

.95

.83

.94

 

The numbers on the arrows joining measured variables are standardized coefficients 
obtained by using OLS for each equation.  The numbers on the disturbance paths are 
found by the formula 

Direct and Indirect Effects

this picture yields two equations
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1 – Rk

2   

where R2k is the R-squared for that particular equation.  

Effect of age on drinking: 

 –.07 Direct 24% 

–.33 (.49) –.16 Indirect through bars 55% 

–.31 (.16) –.05 Indirect thru schooling 17% 

–.31 (.04)(.49) –.01 Thru schooling & bars   3% 

Total Effect –.29  99% 

 

Effect of schooling on drinking 

Direct:  .16  89% 

Indirect:  (.04)(.49) = .02 11% 

 
Examples Using CALIS 
 
Example 1: Taken from Maruyama (1998) p. 57 

School Achievement

Social Class

Family Size

Ability

Self-esteem

e1

e3

e2

 

handout top p1
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1 – Rk

2   

where R2k is the R-squared for that particular equation.  

Effect of age on drinking: 

 –.07 Direct 24% 

–.33 (.49) –.16 Indirect through bars 55% 

–.31 (.16) –.05 Indirect thru schooling 17% 

–.31 (.04)(.49) –.01 Thru schooling & bars   3% 

Total Effect –.29  99% 

 

Effect of schooling on drinking 

Direct:  .16  89% 

Indirect:  (.04)(.49) = .02 11% 

 
Examples Using CALIS 
 
Example 1: Taken from Maruyama (1998) p. 57 

School Achievement

Social Class

Family Size

Ability

Self-esteem

e1

e3

e2
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> # Maruyama (1988) Basics of structural equation modeling ex p.57
> selfesteempredR = matrix(c(1, .39, -.33, .39, 1, -.33, -.33, -.33,1), nr=3)
> selfesteempredR
      [,1]  [,2]  [,3]
[1,]  1.00  0.39 -0.33
[2,]  0.39  1.00 -0.33
[3,] -0.33 -0.33  1.00
> selfesteemR = c(.19, .14, -.14)
> pathcoeff = selfesteemR%*%solve(selfesteempredR)
> pathcoeff     #coeffs for ability social class famsize respectively
          [,1]       [,2]        [,3]
[1,] 0.1423315 0.06036429 -0.07311039
> selfesteemR%*%t(pathcoeff)  #Rsq for eq
           [,1]
[1,] 0.04572944

> #Blau-Duncan, stratification US (DAF p.76)
> #Do the Y-eq (son occupation)
> bdpredR = matrix(c(1,.538,.417,.538,1,.438,.417,.438,1), nr = 3, byrow=T)
> bdpredR
      [,1]  [,2]  [,3]
[1,] 1.000 0.538 0.417
[2,] 0.538 1.000 0.438
[3,] 0.417 0.438 1.000
> bdYR = c(.541,.596,.405)
> bdYcoef = bdYR%*%solve(bdpredR)

> bdYcoef  #coefss for W U X respectively (cf DAF p.76)
          [,1]      [,2]      [,3]
[1,] 0.2807282 0.3945428 0.1151266

> bdYR%*%t(bdYcoef)  #Rsq for eq
          [,1]
[1,] 0.4336477
> sqrt( 1 - bdYR%*%t(bdYcoef))  #see p.76 Y eq disturbance term
          [,1]
[1,] 0.7525638

> #third example, Kline fitness

path handout computations cf Lab 1 part II
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Example 2: Taken from Kline (1998) Figure 5.2 
 
Sample: 373 University students 
 

Illness

Exercise

Hardy

Fitness

Stress

e1

e3

e2

 

 
DATADATADATADATA illness (TYPE=CORR); 
 INPUT _TYPE_ $ _NAME_ $ exercise hardy fitness stress illness; 
 DATALINES; 
 CORR exercise   1.00 . . . .     
 CORR hardy      -.03 1.00 . . .    
 CORR fitness     .39  .07 1.00 . .  
 CORR stress     -.05 -.23 -.13 1.00 . 
 CORR illness    -.08 -.16 -.29  .34 1.00 
 STD    .        66.5 3.8 18.4  6.7 624.8 
 MEAN   .        40.9 0.0 67.1  4.8 716.7 
; 
PROCPROCPROCPROC CALISCALISCALISCALIS DATA=illness NOBS=373737373333 COV; 
LINEQS 
  illness= b1 fitness + b2 exercise + b3 hardy + b4 stress + e3, 
  stress = b5 fitness + b6 exercise + b7 hardy + e2, 
  fitness =             b8 exercise + b9 hardy + e1; 



 

 11 

 
STD 
  e1-e3=v1-v3; 
RUNRUNRUNRUN; 
 
             Manifest Variable Equations with Estimates 
 
  fitness  =   0.1086*exercise +  0.3960*hardy    +  1.0000 e1 
  Std Err      0.0132 b8          0.2304 b9 
  t Value      8.2492             1.7188 
 
 
  stress   =  -0.0396*fitness  +-0.00143*exercise + -0.3928*hardy    +  1.0000 e2 
  Std Err      0.0199 b5         0.00549 b6          0.0887 b7 
  t Value     -1.9926            -0.2610            -4.4273 
 
 
  illness  =  -8.8355*fitness  + 27.1251*stress   +  0.3176*exercise +-
12.1459*hardy 
  Std Err      1.7438 b1          4.5210 b4          0.4790 b2          7.9385 b3 
  t Value     -5.0669             5.9998             0.6631            -1.5300 
 
                                   +  1.0000 e3 
 
                 Variances of Exogenous Variables 
 
                                           Standard 
     Variable Parameter      Estimate         Error    t Value 
 
     exercise                    4422 
     hardy                   14.44000 
     e3       v3               318753    1.1349E-10    2.81E15 
     e2       v2             41.92241       3.07390      13.64 
     e1       v1            284.80314      20.88278      13.64 
 
                 Manifest Variable Equations with Standardized Estimates 
 
 
  fitness  =   0.3925*exercise +  0.0818*hardy    +  0.9172 e1 
                      b8                 b9 
 
  stress   =  -0.1089*fitness  + -0.0142*exercise + -0.2228*hardy    +  0.9664 e2 
                      b5                 b6                 b7 
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data, how can they predict the results of interventions
that would change the data? The distinction between
parameters and estimates runs throughout statistical
theory; the discussion of response schedules, below,
may sharpen the point.

There are other interpretive problems. At best,
Yule has established association. Conditional on the
covariates, there is a positive association between
�Paup and �Out. Is this association causal? If
so, which way do the causal arrows point? For
instance, a parish may choose not to build poor-
houses in response to a short-term increase in the
number of paupers. Then pauperism is the cause and
outrelief the effect. Likewise, the number of paupers
in one area may well be affected by relief policy
in neighboring areas. Such issues are not resolved
by the data analysis. Instead, answers are assumed a
priori. Although he was busily parceling out changes
in pauperism – so much is due to changes in out-relief
ratios, so much to changes in other variables, so much
to random effects – Yule was aware of the difficulties.
With one deft footnote (number 25), he withdrew all
causal claims: ‘Strictly speaking, for “due to” read
“associated with”.’

Yule’s approach is strikingly modern, except there
is no causal diagram with stars indicating statisti-
cal significance. Figure 1 brings him up to date. The
arrow from �Out to �Paup indicates that �Out
is included in the regression equation that explains
�Paup. Three asterisks mark a high degree of sta-
tistical significance. The idea is that a statistically
significant coefficient must differ from zero. Thus,
�Out has a causal influence on �Paup. By contrast, a
coefficient that lacks statistical significance is thought
to be zero. If so, �Old would not exert a causal influ-
ence on �Paup.

The reasoning is seldom made explicit, and diffi-
culties are frequently overlooked. Statistical assump-
tions are needed to determine significance from the

∆Paup

∆Old∆Out ∆Pop

*** ***

Figure 1 Yule’s model. Metropolitan unions, 1871–1881

data. Even if significance can be determined and
the null hypothesis rejected or accepted, there is a
deeper problem. To make causal inferences, it must
be assumed that equations are stable under proposed
interventions. Verifying such assumptions – without
making the interventions – is problematic. On the
other hand, if the coefficients and error terms change
when variables are manipulated, the equation has only
a limited utility for predicting the results of interven-
tions.

Social Stratification

Blau and Duncan [12] are thinking about the strat-
ification process in the United States. According to
Marxists of the time, the United States is a highly
stratified society. Status is determined by family
background, and transmitted through the school sys-
tem. Blau and Duncan present cross-tabs (in their
Chapter 2) to show that the system is far from deter-
ministic, although family background variables do
influence status. The United States has a permeable
social structure, with many opportunities to succeed
or fail. Blau and Duncan go on to develop the path
model shown in Figure 2, in order to answer ques-
tions like these:

‘how and to what degree do the circumstances of
birth condition subsequent status? how does status
attained (whether by ascription or achievement) at
one stage of the life cycle affect the prospects for a
subsequent stage?’

The five variables in the diagram are father’s edu-
cation and occupation, son’s education, son’s first
job, and son’s occupation. Data come from a special
supplement to the March 1962 Current Population
Survey. The respondents are the sons (age 20–64),
who answer questions about current jobs, first jobs,
and parents. There are 20 000 respondents. Education
is measured on a scale from 0 to 8, where 0 means no
schooling, 1 means 1–4 years of schooling, and so
forth; 8 means some postgraduate education. Occu-
pation is measured on Duncan’s prestige scale from
0 to 96. The scale takes into account income, educa-
tion, and raters’ opinions of job prestige. Hucksters
are at the bottom of the ladder, with clergy in the
middle, and judges at the top.

How is Figure 2 to be read? The diagram unpacks
to three regression equations:

U = aV + bX + δ, (4)

DAF text pp 75-77
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4 Statistical Models for Causation: A Critical Review

V

X

U

W

Y

.516

.310

.224

.279 .440 .115

.394

.281

.859

.818

.753

V is DADS’ ED
X is DADS’ OCC
U is SONS’ ED
W is SONS’ 1st JOB
Y is SONS’ OCC

Figure 2 Path model. Stratification, US, 1962

W = cU + dX + ε, (5)

Y = eUi + f X + gW + η. (6)

Parameters are estimated by least squares. Before
regressions are run, variables are standardized to have
mean 0 and variance 1. That is why no intercepts are
needed, and why estimates can be computed from the
correlations in Table 2.

In Figure 2, the arrow from V to U indicates
a causal link, and V is entered on the right-hand
side in the regression equation (4) that explains U .
The path coefficient .310 next to the arrow is the
estimated coefficient â of V . The number .859 on
the ‘free arrow’ that points into U is the estimated
standard deviation of the error term δ in (4). The
other arrows are interpreted in a similar way. The
curved line joining V and X indicates association
rather than causation: V and X influence each other

or are influenced by some common causes, not further
analyzed in the diagram. The number on the curved
line is just the correlation between V and X (Table 2).
There are three equations because three variables in
the diagram (U , W , Y ) have arrows pointing into
them.

The large standard deviations in Figure 2 show the
permeability of the social structure. (Since variables
are standardized, it is a little theorem that the
standard deviations cannot exceed 1.) Even if father’s
education and occupation are given, as well as
respondent’s education and first job, the variation in
status of current job is still large. As social physics,
however, the diagram leaves something to be desired.
Why linearity? Why are the coefficients the same for
everybody? What about variables like intelligence or
motivation? And where are the mothers?

The choice of variables and arrows is up to the
analyst, as are the directions in which the arrows
point. Of course, some choices may fit the data less
well, and some may be illogical. If the graph is
‘complete’ – every pair of nodes joined by an arrow –
the direction of the arrows is not constrained by the
data [[22] pp. 138, 142]. Ordering the variables in
time may reduce the number of options.

If we are trying to find laws of nature that are sta-
ble under intervention, standardizing may be a bad
idea, because estimated parameters would depend on
irrelevant details of the study design (see below).
Generally, the intervention idea gets muddier with
standardization. Are means and standard deviations
held constant even though individual values are
manipulated? On the other hand, standardizing might
be sensible if units are meaningful only in compara-
tive terms (e.g., prestige points). Standardizing may
also be helpful if the meaning of units changes over
time (e.g., years of education), while correlations are
stable. With descriptive statistics for one data set, it
is really a matter of taste: do you like pounds, kilo-
grams, or standard units? Moreover, all variables are

Table 2 Correlation matrix for variables in Blau and Duncan’s path model

Y

Sons’occ
W

Sons’1st job
U

Sons’ed
X

Dads’occ
V

Dads’ed

Y Sons’occ 1.000 .541 .596 .405 .322
W Sons’1st job .541 1.000 .538 .417 .332
U Sons’ed .596 .538 1.000 .438 .453
X Dads’occ .405 .417 .438 1.000 .516
V Dads’ed .322 .332 .453 .516 1.000

handout shows computation of path coeff, disturbances etc
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PUBLISHING PRODUCTIVITY 647

Figure 7. Path coefficients of the best-fit model.

pie is roughly equal to that of the men. The graduate program
quality of men and women are also equivalent, thus eliminating
it as a possible explanation.

Given the difficulty and cost of collecting data on larger sam-
ples, one implication of these findings is that authors of publish-
ing productivity studies need to report correlation matrixes for
men and women separately. As additional studies are published,
this will eventually enable the quantitative cumulation of results
across studies for each sex. Thus, for future use, we report the

Table 7
Correlation Matrix Reproduced by Best-Fit Model (Above the
Diagonal) and Difference Matrix (Below the Diagonal)

Variable 1 2 3 4 5 6 7

1. ABILITY
2. SEX
3. GPQ
4. PREPROD
5. QFJ
6. PUBS
7. CITES

_

.00

.00

.00
-.01

.00

.00

-.10

—.06
.06
.12
.05

-.01

.62
-.06

—
-.06

.00
-.02

.02

.25
-.03

.15

—.03
.03
.02

.17
-.02

.28

.04
—
.05
.02

.18

.38

.17

.16

.36

—.01

.29

.14

.23

.32

.35

.54
—

Root-mean-squared deviation = .06; LISREL x2(47, N= 162) = 54.2,
p > .05; goodness-of-fit index = .95.

Note. ABILITY = composite of SELECT, PHIBETA, and HONORS; SEX = 1
for women, 2 for men; GPQ = graduate program quality; PREPROD:
quality-weighted publications before Ph.D.; QFJ = quality of first aca-
demic job; PUBS = number of publications in first 6 years after Ph.D.;
CITES = number of times PUBS cited by others.

separate correlation matrixes for men and women in the Ap-
pendix.

Summary and Conclusions

This study contributes to the literature on academic produc-
tivity by presenting a unique synthesis of competing theories by
sociologists, economists, and psychologists. This review identi-
fied both differences and striking similarities in the diverse theo-
retical perspectives. Across disciplines, there is little disagree-
ment on the primary causal antecedents of publishing pro-
ductivity, namely, ability, graduate program quality, early pro-
ductivity, the quality of the first job, and the sex of the re-
searcher. Five of the six models posited a direct path from abil-
ity to the quality of the graduate program. Results confirm the
existence of this path as well as a direct path from ability to each
of these measures of publishing productivity: early publications
(during graduate school), the number of publications in the first
6 years as a faculty member, and citations to those publications.

The theoretical models produced less agreement on the speci-
fication of other paths. One such area of disagreement con-
cerned the existence of a path from graduate program quality
to the quality of the first job. The models based on progressive
selectivity (screening, accumulative advantage, and merit) spec-
ify this path, the importance of which is supported by the re-
sults. Yet, the results also suggest that the accumulative advan-
tage and merit models misspecify the role of early productivity.
The two economic models, human capital and screening, omit
early productivity and sex of the researcher, both of which con-
tribute significantly to later publishing productivity. Each the-
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Journal of Educational Statistics 
Summer 1987, Vol. 12, No. 2, pp. 185-195 

Casual Models Do Not Support Scientific 
Conclusions: A Comment in Support of Freedman 

David Rogosa 
Stanford University 

Overview 
A critical distinction in methodological work is between (a) building (and 

applying) statistical models for the processes that generate the social sci- 
ence data and (b) tossing the data at available statistical methods. In my 
own work I strive for (a) and discourage others from settling for (b). 
Regrettably, expositions and applications of the popular causal modeling 
methods (under the various names path analysis, structural equation mod- 
els, LISREL, etc.) contain much of (b) and little of (a). In fact, my favorite 
typographical error "casual models" (which I've suffered in print) is enjoy- 
able in large part because of its accidental accuracy. And an argument can 
be made that the methodological proselytizing for and dominance of causal 
models has retarded the much more useful methodological work of (a). 

A similar theme is present throughout Freedman's paper, as in the last 
paragraph of his conclusion which begins "My opinion is that investigators 
need to think more about the underlying social processes... ". Earlier in 
the paper Freedman requires that the "as-if-by-experiment" conclusions 
"must depend on a theory of how the data came to be generated." The 
translation of substantive theory into methods for data collection and analy- 
sis is where I think the fertile interaction between statisticians and social 
scientists lies (rather than in arguing a "thumbs up" or "thumbs down" on 
path analysis). 

My subtitle "in support of Freedman" is to congratulate him for his 
energy and courage in assuming the role of point person in what I feel is an 
attempt to stimulate serious and critical discussion of the proper role of 
these causal models in behavioral and social science. Freedman is not the 
first to voice serious concerns, nor should he be the last. For example, de 
Leeuw's (1985) review essay of causal model texts does a good job of 
discussing the casual attention given to model construction and the indefen- 
sibility of "cause-effect" (i.e., as-if-by-experiment) conclusions: 

It seems to me that the use of cause-effect terminology cannot be de- 
fended, except in those rare cases (such as Mendelian genetics) in which 
information is available from other sources. If all the information we have 
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Some Models for Analysing Longitudinal Data on Educational Attainment. Harvey Goldstein
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rag
Rectangle







rag
Rectangle

rag
Line



Rogosa  March 14    Page 5

regression equation:  
       0(5) = -0.000003 - 1.00 0(1) + 2.00 0(3)

Predictor       Coef       Stdev    t-ratio        p
Constant -0.00000309  0.00000000          *        *
0(1)        -1.00000     0.00000          *        *
0(3)         2.00000     0.00000          *        *
s = 0           R-sq = 100.0%    R-sq(adj) = 100.0%

Scatterplots between the 0-values.
                               time 5 vs time 3
   -
   -
   -                                                    *
   -                                      2   *
 75+                                        *     2  *
   -                                    **   * **
   -
   -                           *       2        *
   -                *     ***     **     *
 60+                  * *2    *
   -             *     * *   2      *
   -                 *
   -            2
   -
 45+            *
   -     *
   -
     --------+---------+---------+---------+---------+-----
          42.0      48.0      54.0      60.0      66.0
                         time 5 vs time 1
   -
   -
   -                                            *
   -                        **    *
 75+                                  *         **    *
   -                            * *      *     **
   -
   -                       *          *   *               *
   -      *          ***           *  *              *
 60+              *   *2         *
   -         *           *  *     **           *
   -                   *
   -              * *
   -
 45+                       *
   -                  *
   -
    ----+---------+---------+---------+---------+---------+-
      30.0      36.0      42.0      48.0      54.0      60.0
                         time 3 vs time 1
   -                                            *
   -                                                  *
   -                                            **
   -                              *      *     **         *
 60+                        **        *              *
   -                            * *   *   *
   -                                  *        *
   -                               *
   -                   *   *     ***
 50+                 *2     *
   -              *    2 *
   -      *            *
   -         *    * *      *
   -
 40+                  *
   -
   -
     ----+---------+---------+---------+---------+---------+
      30.0      36.0      42.0      48.0      54.0      60.0

Data Description.

      MEAN    MEDIAN   STDEV 
0(1)  44.16    43.90    7.24 
0(3)  54.21    53.63    7.24 
0(5)  64.27    63.21    9.24 
W     14.99    15.20    2.803 

Correlations
       0(1)     0(3)     0(5)
0(3)   0.842
0(5)   0.536    0.907
W      0.766    0.765   0.598

week 1 data
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3.  WHAT SHOULD WE DO?
A.   Growth Curve Analyses for Longitudinal Panel Data
B.   AABL (almost anything but LISREL)

4. CAUSAL INFLUENCES ON CHANGE
Three-waves, single variable. 
For true scores structural regression model:   02  = "2 + $101 + e2 ;     03 = "3
+ $202 + $301 + e3 . Example: Goldstein (1979a, 1979b) for 

reading test scores obtained for a nationwide British sample with
measurements at ages 7, 11, and 16;  estimates for the
 {$k}: {.841, 1.11, &.147}.  The negative estimate for $3 causes considerable
discomfort, summarized by Goldstein (1979a, p. 139):  "This is difficult to
interpret and may indicate that non-linear or interaction terms should be
included in the model, or perhaps that the change in score between seven
and 11 years is more important than the seven-year score itself.  However,
the addition of non-linear terms does not change this picture to any extent."

Main result:

$3 = (t2 & t3)/(t2 & t1)  < 0     and      $2 = (t3 & t1)/(t2 & t1)  > 0.          

Data example  40 cases, each observed at three time points {1, 3, 5} .  true
observations fall on a straight-line growth curve
Regression for 0(t3) matches the theoretical results  $3 = (3 - 5)/(3 - 1) and  $2
= (5 - 1)/(3 - 1)-- with squared multiple correlation of 1.0.
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0.2 0.4 0.6 0.8

-0.5

0.5

1

1.5

Fallible measures give more complex relations. observed
scores by adding measurement error variance 10;
resulting reliabilities at times {1, 3, 5} are {.84,
.84, .90}.  Path analysis regression Y(5) = 5.054 &
.1212 Y(1) + 1.19 Y(3), with squared multiple
correlation .552. 

Exponential Growth   The general
result shows dependence only on
the curvature paramater and the
times of observation.  
For  t1 = 1, t2 = 3, t3 = 5 
structural parameters are $3 =
&exp[&2(] and  

$2 = 1 +  exp[&2(] . For the value of 
( = .5 used in Figure  $3 = &.3679 and  $2 = 1.3679. 
Coefficients as a function of ( shown below.
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Journal of Educational Statistics 
Summer 1985, Volume 10, Number 2, pp. 99-107 

SATISFYING A SIMPLEX STRUCTURE IS SIMPLER �
THAN IT SHOULD BE �

DAVID ROGOSA and JOHN B .  WILLETT �
Stanford University �

KEYWORDS.Longitudinal data analysis, simplex model, growth curves. 

ABSTRACT.Markedly different types of growth (learning) curves may generate indis- 
tinguishable covariance structures. We illustrate with an example of a 5 x 5 covariance 
matrix representing longitudinal measurements at five occasions. This example ap- 
pears to conform closely to a simplex correlation pattern, and a simplex covariance 
structure provides an excellent fit (using LISREL V) to this covariance matrix. How- 
ever, the (known) structure of this example differs greatly from the simplex model. In 
addition to indicating that an excellent fit of a simplex structure can be misleading, this 
example provides an opportunity to question common uses of covariance structure 
models for the study of growth. 

Since the introduction of the simplex model by Guttman (1954), simplex 
structures have been posited for many types of ordered variables (such as 
hierarchical tests or longitudinal measurements). In many analyses of longi- 
tudinal data, a simplex covariance or correlation structure serves as a basic 
model for statistical analysis (e.g., Humphreys, 1960; Joreskog, 1970a, 1978; 
Joreskog & Sorbom, 1977; Werts & Hilton, 1977; Werts, Linn, & Joreskog, 
1977,1978). As Werts, Linn, and Joreskog assert, "The simplex model appears 
to be particularly appropriate for studies of academic growth (Humphreys, 
1960, 1968; Lunneborg & Lunneborg, 1970)" (p. 745). 

Simplex Growth Model 
Following Joreskog (1970a), a discrete-time autoregressive model of lag 1, 

which gives rise to the simplex structure, has the form: 

where qipindicates the value of q for the pthindividual at time t , ,  and where 
the ? I , + , ,  are independent disturbances (increments to growth) with ex-
pectation zero and qlp= SIP.(See also the stochastic models considered in 
Anderson, 1960, Section 3.)  An important property of Equation 1 is that the 
partial correlation is zero between q at two time points with q at an intervening 
time partialled out. This condition, which was used by Guttman (1954, Equa- 
tion 15) to characterize the simplex structure, can be written 
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Statistical Models for Causation: A Critical Review 9

The idea is best suited to experiments or hypothetical
experiments.

There are also nonmanipulationist ideas of causa-
tion: the moon causes the tides, earthquakes cause
property values to go down, time heals all wounds.
Time is not manipulable; neither are earthquakes or
the moon. Investigators may hope that regression
equations are like laws of motion in classical physics.
(If position and momentum are given, you can deter-
mine the future of the system and discover what
would happen with different initial conditions.) Some
other formalism may be needed to make this nonma-
nipulationist account more precise.

Latent Variables

There is yet another layer of complexity when the
variables in the path model remain ‘latent’ – unob-
served. It is usually supposed that the manifest vari-
ables are related to the latent variables by a series
of regression-like equations (‘measurement models’).
There are numerous assumptions about error terms,
especially when likelihood techniques are used. In
effect, latent variables are reconstructed by some ver-
sion of factor analysis and the path model is fitted to
the results. The scale of the latent variables is not usu-
ally identifiable, so variables are standardized to have
mean 0 and variance 1. Some algorithms will infer
the path diagram as well as the latents from the data,
but there are additional assumptions that come into
play. Anderson [7] provides a rigorous discussion of
statistical inference for models with latent variables,
given the requisite statistical assumptions. He does
not address the connection between the models and
the phenomena. Kline [46] is a well-known text. Ull-
man and Bentler [78] survey recent developments.

A possible conflict in terminology should be men-
tioned. In psychometrics and cognate fields, ‘struc-
tural equation modeling’ (typically, path modeling
with latent variables) is sometimes used for causal
inference and sometimes to get parsimonious descrip-
tions of covariance matrices. For causal inference,
questions of stability are central. If no causal infer-
ences are made, stability under intervention is hardly
relevant; nor are underlying equations ‘structural’ in
the econometric sense described earlier. The statisti-
cal assumptions (independence, distributions of error
terms constant across subjects, parametric models for
error distributions) would remain on the table.

Literature Review

There is by now an extended critical literature on
statistical models, starting perhaps with the exchange
between Keynes [44, 45] and Tinbergen [77]. Other
familiar citations in the economics literature include
Liu [52], Lucas [53], and Sims [71]. Manski [54]
returns to the under-identification problem that was
posed so sharply by Liu and Sims. In brief, a pri-
ori exclusion of variables from causal equations can
seldom be justified, so there will typically be more
parameters than data. Manski suggests methods for
bounding quantities that cannot be estimated. Sims’
idea was to use simple, low-dimensional models for
policy analysis, instead of complex-high dimensional
ones. Leamer [48] discusses the issues created by
specification searches, as does Hendry [35]. Heck-
man [33] traces the development of econometric
thought from Haavelmo and Frisch onwards, stress-
ing the role of ‘structural’ or ‘invariant’ parameters,
and ‘potential outcomes’. Lucas too was concerned
about parameters that changed under intervention.
Engle, Hendry, and Richard [17] distinguish sev-
eral kinds of exogeneity, with different implications
for causal inference. Recently, some econometricians
have turned to natural experiments for the evaluation
of causal theories. These investigators stress the value
of careful data collection and data analysis. Angrist
and Krueger [8] have a useful survey.

One of the drivers for modeling in economics
and other fields is rational choice theory. Therefore,
any discussion of empirical foundations must take
into account a remarkable series of papers, initiated
by Kahneman and Tversky [41], that explores the
limits of rational choice theory. These papers are
collected in Kahneman, Slovic, and Tversky [40], and
in Kahneman and Tversky [43]. The heuristics and
biases program has attracted its own critics [29]. That
critique is interesting and has some merit. But in the
end, the experimental evidence demonstrates severe
limits to the power of rational choice theory [42].
If people are trying to maximize expected utility,
they generally do not do it very well. Errors are
large and repetitive, go in predictable directions, and
fall into recognizable categories. Rather than making
decisions by optimization – or bounded rationality, or
satisficing – people seem to use plausible heuristics
that can be identified. If so, rational choice theory
is generally not a good basis for justifying empirical
models of behavior. Drawing in part on the work
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ARTICLE

There Is No Meaningful Relationship Between
Television Exposure and Symptoms of
Attention-Deficit/Hyperactivity Disorder
Tara Stevens, EdDa, Miriam Mulsow, PhDb

Departments of aEducational Psychology and Leadership and bHuman Development and Family Studies, Texas Tech University, Lubbock, Texas

The authors have indicated they have no financial relationships relevant to this article to disclose.

ABSTRACT

OBJECTIVE. The recent but methodologically limited longitudinal study of the adverse
attentional effects of television viewing in early childhood suggests a possible
association. The purpose of the present study was to extend this investigation to a
more current sample of kindergarten students using structural equation modeling,
which allows for the simultaneous evaluation of predictors.

METHODS. Two samples were randomly selected from nationally representative data
collected from the Early Childhood Longitudinal Study. A structural equation
model was developed positing a relationship between kindergartners’ television
exposure and subsequent first-grade symptoms of attention-deficit/hyperactivity
disorder (ADHD) while controlling for variables related to socioeconomic status
and parent involvement. Variables were selected rather than developed and do not
include an acceptable measure of ADHD, which limited the scope of the measures
used. The model was tested by using the first sample and then cross-validated to
the second sample.

RESULTS.Although the adequate fit of the model to the data suggests that children’s
television exposure during kindergarten was related to symptoms of ADHD during
the first grade, the amount of variance accounted for in the ADHD-symptoms
variable revealed television exposure as a weak predictor of later ADHD symp-
toms. Effect sizes for the relationship between television exposure and symptoms
of ADHD were close to zero and not statistically significant.

CONCLUSIONS.Methodologic issues, including participant age, the measurement of
ADHD symptoms, and evaluation of the importance of variables, may explain the
differences between the present study and the results of others who have found
television exposure to be related to attention problems. The measurement of
ADHD symptoms through the use of longitudinal databases is an important limi-
tation, because only a small number of items can be selected to represent symp-
toms. Future research is necessary to address these issues.
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'cuz structural equation models say so

path analysis for variables you can't see
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of the frequency of the children’s hyperactivity, includ-
ing fidgeting and impulsive acts.

All composite variables were derived, with permis-
sion, from the Social Skills Rating Scale: Elementary
Scale A10 to create the Social Rating Scale (SRS).9 The
SRS requested that parents and teachers report using a
frequency scale (ie, never, sometimes, often, and very
often) how often the child demonstrated a described
behavior. The purpose of the adaptation was brevity,
and exploratory factor analysis and confirmatory factor
analysis were used to “confirm the scales.”9 Split-half
reliability coefficients for the teacher SRS during the
spring of the children’s first-grade year were .89 for
approaches to learning, .80 for self-control, and .86 for
externalizing problem behaviors. Split-half reliability co-
efficients for the parent SRS impulsive/overactive cate-
gory was .48 at the same time period. The low estimate
for the parents’ ratings of impulsivity and overactivity is
of concern; however, this likely reflects the problems
associated with measuring behavior that can vary con-
siderably across the environments in which parents view
their children, such as home, church, community, and
so forth.

Data Analyses
A theoretical model was developed specifying relation-
ships between the 5 aforementioned latent variables.
Television exposure was used to predict symptoms of

ADHD. Limits on watching television, parent involve-
ment with child, and socioeconomic status were each
linked to symptoms of ADHD to statistically control for
these relationships, which were suspected as possible
variables related to symptoms of ADHD. Finally, socio-
economic status was used to predict television exposure.
Refer to Fig 1 to view the tested model.

LISREL 8.5211 was used to test the goodness of fit of
the hypothesized model to the first randomly selected
sample of 2500 children. Because modifications were
made, the model was then cross-validated using the
second randomly selected sample of 2500 children. The
assessment of fit through the evaluation of �2 was not
used in the current study because of the extensive
amount of criticism this method has received; however,
the statistic has been reported. The �2 value has been
criticized for its sensitivity to sample size and lack of
robustness to the violation of basic underlying assump-
tions.8,12 Alternative goodness-of-fit indexes were se-
lected based on the recommendations of Hu and
Bentler.13 A 2-index presentation strategy that involves
evaluating both the maximum-likelihood–based stan-
dardized root-mean-squared residual (SRMR) and the
maximum-likelihood–based root-mean-squared error of
approximation (RMSEA) was used in the present study.
This combinational rule of RMSEA � .05 and SRMR �
.06 was used, because Hu and Bentler13 suggested that
this strategy “resulted in acceptable type II error rates for

FIGURE 1
SEM evaluating the relationship between television expo-
sure and ADHD symptoms across 2 samples. Sample 1
estimates are on the left, and sample 2 estimates on the
right.
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X Y

x1 x2 y1 y2

e1 e2 e3 e4

u

a b

f

c d

 

In this model, X and Y are unobserved variables, x1, x2, y1, and y2 are observed 
indicators, e1-e4 and u are random errors.  a, b, c, d, and f are correlation coefficients.   

If we know the six correlations among the observed variables, simple hand calculations 
can produce estimates of a through f.  Can also test the fit of the model. 

Why is it important to estimate models like this?  

 Most variables are measured with at least some error.  

 In a regression model, measurement error in independent variables can produce 
severe bias in coefficient estimates.   

 Can correct this bias if we have multiple indicators for variables with 
measurement error.  

Although SEM’s can be very useful, the methodology is often used badly and 
indiscriminately. 

 Often applied to data where it’s inappropriate. 

 Can often obscure rather than illuminate.   

 Easy to get sucked into overly complex modeling. 
 
Path Analysis 
 
In the SEM literature, it’s common to represent a linear model by a path diagram. 

A diagrammatic method for representing a system of linear equations.  Precise rules so 
that you can write down equations from looking at the diagram. 

Single equation:  y  =  ⇓0 + ⇓1x1 + ⇓2x2 + ε 

Structural Equation Models
P Allison

see Joreskog model
handout for cov matrix 
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Using the common LISREL notation, this model consists of a structural
submodel with two equations for the two latent endogenous variables (Alienation
67 and Alienation 71), and a measurement submodel with equations for the six in-
dicators of the latent variables:

Structural submodel

Measurement submodel

STRUCTURAL EQUATION MODELING IN R 473

FIGURE 2 Conventional path diagram for Jöreskog and Sörbom’s model for the Wheaton
alienation data. Adapted with permission from Figure 6.5 in Jöreskog and Sörbom (1989, 171).

1 1 1

2 2 1 2

� �

� � �

. . . .

. . . ⇓. .

1 1 1

2 1 1 2

3 2 3

4 2 2 4

1 1

2 3 2

1

1

1

y
y
y
y
x
x

� �

� �

� �

� �

� �

� �

. ε
. . ε
. ε

. . ε
. δ

. . δ

Administrator
Highlight

Administrator
Highlight

rag
Highlight



Hausman, stability of agression



100 Rogosa and Willett 

"Unsimplex" Growth Models 

An alternative simple model for growth specifies that each individual has a 
constant rate of change. This constant rate of change model yields a straight 
line growth curve for each individual: 

"lip= "lip + OP(ti- ti). (3) 

A striking consequence of the constant rate of change model is that it repre- 
sents the most extreme violation of Guttman's condition for the simplex. That 
is, for straight-line growth, 

Pll , l lkT,  = -1 (6 < t] < tk). (4) 
A related property of straight-line growth is that P,,,., = (t, - tk)/(t, - t,) 
(e.g., with equally spaced time points P,,,,.,, = -1). In contrast, the auto- 
regressive model in Equation 1 specifies that P,,,,., = 0 (for t, < t, < tk). Also, 
for straight-line growth, P,,,,.,, = (tk-tl)l(tl - tI) (e.g., with equally spaced 
time points P,,,,.,, = 2). 

A second type of growth (learning) curve for which Equation 4 holds is the 
function that specifies that individuals approach an asymptote A, ex-
ponentially with rate parameter y (where y is identical for all individuals). 
This exponential growth curve can be written as 

qtP= Ap -(Ap-qlp)e-?('l -'I). (5) 

Among the applications of the growth curve in Equation 5 to the study of 
learning are Hicklin (1976), Keats (1983), and Sorensen and Hallinan (1977). 

The Numerical Example 
A numerical example consisting of a covariance matrix of observed scores 

over five occasions of measurement is given in Table I. The relation between 
the observed score Yip and the true score -q, is specified by the measurement 
model: 

where Y, and qip indicate the values of observed and true scores for the pth 
individual ( p  = 1,. . . , 500, as a sample size of 500 is used in this example) at 
the time ti (for discrete times tl, t2, . . . , t5) and where tip denotes the error of 
measurement in Y,, at time ti. 

The corresponding correlation matrix for the Y, in Table I1 displays the 
typical properties of a simplex correlation structure with the correlations 
decreasing for elements farther away from the main diagonal (and with nearly 
equal elements along the subdiagonals). Furthermore, Table I1 is similar to 
correlation matrices obtained in large-scale longitudinal studies of student. 
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6.  SIMPLEX GROWTH MODELS

The claim
Joreskog (1979) states "For one measure administered
repeatedly to the same group of people, an appropriate
model is a simplex model.  
Werts, Linn, and Joreskog (1977, p.745) assert "The
simplex model appears to be particularly appropriate for
studies of academic growth."  

Autoregressive Lag-1 model
  0i+1,p = $i0ip + *i+1,p

Partial Correlation Property (Guttman)
Corr(0i,0kC0j) = 0.

Artificial Data Example (5x5)    Rogosa and Willett
(1985)

Y1 Y2 Y3 Y4 Y5
Y1  1

Y2 .75  1

Y3 .73 .74  1

Y4 .69 .72 .74  1

Y5 .66 .69 .73 .75  1
Correlation matrix looks like a simplex.  Furthermore, a
LISREL analysis based on the standard Quasi-simplex
structure produced a marvelous fit by any of the
standard indices: overall P2 = 2.77; near perfect
reproduction of covariance and correlation matrices.
PUNCH LINE  the example covariance matrix was generated
from a growth curve structure that maximally violates
the assumptions of the simplex model.  Straight-line
growth curves can be thought of as maximally
"unsimplex"; one common characterization of the simplex
model is that D0(t3)0(t1)C0(t2) = 0, whereas for straight-line
growth  D0(t3)0(t1)C0(t2) = &1.

.   were used for

this example. Exponential growth curves, for which also
D0(t3)0(t1)C0(t2) = &1, can be used to generate a similar
example. 
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WHY SHOULD WE CARE?  Even when the simplex model fits
wonderfully, the results of the structural equations can
badly mislead.  The covariance structure analyses
usually go on to compute growth statistics and
reliability estimates based on the fitted simplex model
(Werts & Hilton, 1977; Werts et al. 1977).  For example,
the variance of true change over a time interval of one
unit, var(0(t + 1) & 0(t)), is .0078 for all t.  The
LISREL analysis yields estimates nearly five times larger
than the actual value; the LISREL estimates are {.038,
.033, .033, .038} for t = {1, 2, 3, 4}.  Similar
discrepancies are found for estimates of the reliability
of observed change--values estimated from the LISREL
analysis differ markedly from the actual values.

7.  ASSESSMENTS OF STABILITY.
Rogosa, Willett, and Floden (1984) organized questions about temporal
stability into two broad headings--
Is an individual consistent over time? and 
Are individual differences consistent over time?  
Procedures for adressing both questions rely on modeling and analysis of
the individual trajectories. Questions about consistency of individual
differences have dominated attention in behavioral science.  And a number
of procedures based on stuctural equation models have been proposed and
applied to the assessment of stability (e.g., Wheaton, Muthen, Alwin, &
Summers, 1977; Huesman, Eron, Lefkowitz & Walder, 1984).  Rogosa
(1988, under Myth 8) gives examples of some of the wayward properties of
structural parameters used to assess stability: e.g.  $0(t2)0(t1) or $0(t2)0(t1)CZ --the
latter parameter for the path between 0(t1) and 0(t2) in the exogenous picture
has gotten the most attention in expositions of structural equations.
   A dependable measure for assessing consistency of individual differences
over a specified time interval is the index of tracking ( proposed by Foulkes
and Davis (1981) ; this index estimates the probability that two randomly
chosen individuals trajectories do not cross in the time interval specified. 
Tables 5-13 through 5-15 in Rogosa (1988) contrast the index of tracking
and the indices based on structural equation models; for example, two time
intervals both having large tracking indices of .88 have values of the
structural parameter  $0(t2)0(t1)CZ  equal to 1.71 and .13.  Stability large or not?

8. WHAT ABOUT INTERVENTIONS?
Rogosa (1991) : Longitudinal interventions, ATI research
Holland (1988): Encouragement Design
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105 Satisfying a Simplex Structure 

The example (which is just one of many possible examples) provides one  
indication that very different types of individual growth curves may yield 
indistinguishable covariance o r  correlation structures. The example is not 
intended as a "contest" between the growth models, and hypothesis testing is 
not featured. The  surprise in the example is the difficulty in detecting that the 
covariance matrix in Table I is not generated by Equations 1and 6, given that 
the growth curves generated by the autoregressive model in Equation 1 are 
very distinct from straight-line growth. (Individual growth trajectories will 
differ greatly for the two models.) The purpose of this paper is less to attack 
covariance structure analysis than to appeal for explicit description and mod- 
eling of growth curves as a foundation for the analysis of longitudinal data. 

APPENDIX A 

Construction of the Example 
For straight-line growth in Equation 3, the elements of the covariance matrix of the 7, 
can be expressed: 

a , , ,  = a:, + (t, + t, - 2t1)aq,e+ (t, - tl)(t, - t 1 )4 ,  (Al) 
where tk=k (k = 1 , .  . . , 5). Our example used the values at,= ,4686, u , ,~= -.0156, 
and a; = ,0078. Finally, Table I was obtained by adding "measurement error variance" 
of .15 to the diagonal elements of the covariance matrix of the 7 , .  Also, this specifica- 
tion determines the values of the following quantities included in the text: p,,,,z+,-,,,, 
the variance of -qt+l- q, ,  and the reliabilities of Y, and Yk-Y,. 

APPENDIX B 

Specification of the Covariance Structure for the Quasi-Simplex 
The standard covariance structure model with "no X" is written (see Joreskog & 
Sorbom, 1981, Equation 1.4 and Section 1.3): 

The covariance structure used in the LISREL analysis further specifies (B1) as follows: 

= diag(a2, , a;, , a;, , a;, , a;,),
5 x 5  
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Causal Directed Acyclic Graph (DAG)

E D

F

C

A B DAG stands for:

D: directed since each edge is a
single-headed arrow

A: acyclic: it contains no cycles
(no variable causes itself)

G: graph

Any common cause (even if unobserved) of two or more nodes
in the DAG must itself be included in the DAG.

Assumptions are encoded in the absence of arrows.

Bianca & Rhian/Confounded about confounding? 41/81



Graphical Model, Potential Outcomes

DAG
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Single World Intervention Graphs: A Primer
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Abstract

We present a simple graphical theory
unifying causal directed acyclic graphs
(DAGs) and potential (aka counter-
factual) outcomes via a node-splitting
transformation. We introduce a new
graph, the Single-World Intervention
Graph (SWIG). The SWIG encodes the
counterfactual independences associated
with a specific hypothetical intervention
on the set of treatment variables. The
nodes on the SWIG are the correspond-
ing counterfactual random variables. We
illustrate the theory with a number
of examples. Our graphical theory of
SWIGs may be used to infer the coun-
terfactual independence relations that
hold among the SWIG variables under
the FFRCISTG model of Robins (1986)
and the NPSEM model with Indepen-
dent Errors of Pearl (2000, 2009). Fur-
thermore, in the absence of hidden vari-
ables, the joint distribution of the coun-
terfactuals is identified; the identifying
formula is the extended g-computation
formula introduced in (Robins et al.,
2004). As an illustration of the benefit
of reasoning with SWIGs, we use SWIGs
to correct an error regarding Example
11.3.3 presented in (Pearl, 2009).

1 Introduction

Potential outcomes are extensively used within
Statistics, Political Science, Economics, and Epi-

demiology for reasoning about causation. Di-
rected acyclic graphs (DAGs) are another formal-
ism used to represent causal systems also exten-
sively used in Computer Science, Bioinformatics,
Sociology and Epidemiology. Given the long his-
tory and utility of both approaches – as demon-
strated by many applications – it is natural to
wish to unify them.

A graphical unification of existing causal
models

We present a simple approach to this synthesis
based on an intuitive graphical transformation:
by ‘splitting’ treatment nodes in a causal DAG
over the actual variables, we form a new graph,
the Single-World Intervention Graph (SWIG).
The SWIG encodes the counterfactual indepen-
dences associated with a specific hypothetical in-
tervention on the set of treatment variables. The
nodes on the SWIG are the corresponding coun-
terfactual random variables.

The factorization and Markov properties encoded
in the structure of the SWIG imply and are
implied by the extended g-formula of Robins
et al. (2004). These two properties are satisfied
by all previously proposed counterfactual causal
models, including the Finest Fully Randomized
Causally Interpretable Structured Tree Graphs
(FFRCISTG) of Robins (1986), the Pseudo-
Indeterministic Systems of Spirtes et al. (1993),
the Non-Parametric Structural Equation Models
with Independent Errors1 (NPSEM-IE) consid-

1In (Pearl, 2000, 2009; Robins and Richardson, 2011)
the acronym ‘NPSEM’ is used to refer to what is here
termed an NPSEM-IE. We wish to emphasize here that
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CAUSAL DIAGRAMS AND
CONFOUNDING

Based on: Greenland, Pearl and Robins (1999)
Epidemiology 10: 37-48

Directed Acyclic Graphs (DAGs)

• Make assumptions explicit
• Help determine what to adjust for, particularly in the case

of several confounding variables.



CRAN Task View: gRaphical Models in R

Maintainer: Soren Hojsgaard

Contact: sorenh at math.aau.dk

Version: 2013-07-26

Wikipedia defines a graphical model as follows: A graphical model is a probabilistic model for which a graph denotes the
conditional independence structure between random variables. They are commonly used in probability theory, statistics -
particularly Bayesian statistics and machine learning.

A supplementary view is that graphical models are based on exploiting conditional independencies for constructing complex
stochastic models with a modular structure. That is, a complex stochastic model is built up by simpler building blocks. This task view
is a collection of packages intended to supply R code to deal with graphical models.

The packages can be roughly structured into the following topics (although several of them have functionalities which go across these
categories):

Representation, manipulation and display of graphs

diagram Visualises simple graphs (networks) based on a transition matrix, utilities to plot flow diagrams, visualising webs,
electrical networks, ...
dynamicGraph Interactive graphical tool for manipulating graphs
giRaph Supply classes and methods to represent and manipulate graphs
graph A package that implements some simple graph handling capabilities.
gRbase The gRbase package provides certain general constructs which are used by other graphical modelling packages. This
includes 1) the concept of gmData (graphical meta data), 2) several graph algorithms 3) facilities for table operations, 4)
functions for testing for conditional independence. gRbase also illustrates how hierarchical log-linear models (hllm) may be
implemented.
igraph Routines for simple graphs, network analysis.
mathgraph Simple tools for constructing and manipulating objects of class mathgraph from the book "S Poetry", available at
http://www.burns-stat.com/pages/spoetry.html
network Tools to create and modify network objects. The network class can represent a range of relational data types, and
supports arbitrary vertex/edge/graph attributes.
Rgraphviz Provides plotting capabilities for R graph objects.
RBGL A fairly extensive and comprehensive interface to the graph algorithms contained in the BOOST library. (based on
graph objects from the graph package).

Classical models - General purpose packages

ggm Fitting graphical Gaussian models.
gRbase The gRbase package provides certain general constructs which are used by other graphical modelling packages (in
particular by gRain). This includes 1) the concept of gmData (graphical meta data), 2) several graph algorithms 3) facilities
for table operations, 4) functions for testing for conditional independence. gRbase also illustrates how hierarchical log-linear
models (hllm) may be implemented. Link: http://www.jstatsoft.org/v14/i17/
gRim Implements graphical interaction models for contingency tables (i.e. log-linear models) and graphical Gaussian models
for the multivariate normal data (i.e. covariance selection models) and mixed interaction models.
gRapHD Package for selecting and fitting high-dimensional graphical models for discrete, Gaussian, or mixed discrete and
Gaussian data. Link: http://www.jstatsoft.org/v37/i01/

Miscellaneous: Model search, specialized types of models etc.

catnet A package that handles discrete Bayesian network models and provides inference using the frequentist approach
GeneNet Modeling and Inferring Gene Networks. GeneNet is a package for analyzing gene expression (time series) data with
focus on the inference of gene networks.
parcor The package estimates the matrix of partial correlations based on different regularized regression methods: lasso,
adaptive lasso, PLS, and Ridge Regression. In addition, the package provides model selection for lasso, adaptive lasso and
Ridge regression based on cross-validation.
gRc Inference in graphical Gaussian models with edge and vertex symmetries (Graphical Gaussian models with colours).
Link: http://www.jstatsoft.org/v23/i06/
lcd Learn Chain graphs via Decomposition. Functions for learning chain graphs (and as a special case, Bayesian networks)
via the decomposition approach.
pcalg Standard and robust estimation of the skeleton (ugraph) and the equivalence class of a Directed Acyclic Graph (DAG)

CRAN Task View: gRaphical Models in R

1 of 3 http://cran.r-project.org/web/views/gR.html
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