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Overview

 Introduction
« Regression

« Advanced techniques
» Propensity score analysis
 Latent class analysis
10 min BIO-BREAK
« Path models

* Cross-lagged models



Welcome!




By show of hands - How familiar are you with

 Propensity Score Analysis?

Latent Class Analysis

Path Analysis

Cross-lagged Models

Qualitative Data Analysis
Answer choices:
A. Not at all/I have read about it (e.g. in papers)

B. I have collaborated with others who have used it/I have used it myself



Steps in quantitative analysis

« Univariates
 Bivariates
* Regression

« What’s next?



Let’s use the c-word: CAUSATION

To show causation, i.e. X causes Y,

3 conditions need to be satisfied

1) time precedence

2) relationship (implies that X and Y are variables)

3) non-spuriousness



The Gold Standard - RCT

« Randomized controlled trial

» Researchers manipulate the condition (i.e. the intervention) and
control as much of the environment as possible

* Biggest benefit: if the sample size is large enough, it will balance
participants on all measured AND unmeasured characteristics.

« Many times we do not have the “luxury” of conducting an RCT.



Propensity
Score Analysis

When randomization is
not an option.




What do you think?

Two heart surgeons walk into a room.

The first surgeon says, “Man, I just finished my 100t heart
surgery!”.

The second surgeon replies, “Oh yeah, I finished my 100™ heart
surgery last week. I bet I'm a better surgeon than you.

How many of your patients died within 3 months of surgery? Only
10 of my patients died.”

First surgeon smugly responds, “Only 5 of mine died, so I must be
the better surgeon.”



Comparing Apples and Oranges

There may be important differences in patient/participant
characteristics.

We want to show that the difference in outcome is due to our variable
of interest and not due to other factors.




What examples can you think of?

« Where can you not assign people into groups that you would like to
compare but cannot randomize?

 Take 5 minutes to discuss with those around you and be prepared
to share.



Propensity Score Analysis
offers a solution



What is propensity score analysis?

Propensity score analysis is “a class of statistical methods that has
proven useful for evaluating treatment effects when using non-
experimental or observational data.”

It is used when treatment assignment is non-ignorable.

It adjusts for selection bias, but does not solve the problem
completely.

It can be used to reduce multidimensional covariates to a one-
dimensional score called a propensity score.
(Guo & Fraser, 2010)



What is propensity score analysis?

Historically, propensity score analysis was developed for
intervention research.

However, the concept can be easily expanded to any group
membership.

This is especially of interest when group membership cannot be
assigned — for practical or ethical reasons.



What is a propensity score?

“The propensity score is the conditional probability of assignment to
a particular treatment given a vector of observed covariates.”

“The propensity score is a balancing score.”

Rosenbaum & Rubin (1983)



PubMed results for Propensity Score
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Example

Jowernal of Child Sexual Abuse, 24:059-081, 2015

Copyright © Taylor & Francis Group, LLC § RGUtlEdgE
[SSM: 1053-8712 print/1547-0079 online

DOIL: 10.1080/10538712.2015.1057665

Taylor & Francis Group

Investigating the Role of Child Sexual Abuse
in Intimate Partner Violence Victimization
and Perpetration in Young Adulthood From
a Propensity Score Matching Approach

The link between child sexual abuse and adull intimate pariner
violenice surfaces throughout prior research. Nometheless, methodolo-
gies investigating this cycle of violence predominantly involve descrip-
tive, correlational, or traditional regression-based analyses thal
preclude more definitive statemenls about the emprirical relationship
between child sexual abuse and adull partner violence. In recogni-
tiont of these limilations, the curvent study presenls a quasi-experi-
mental investigation inlo the relationship between sexual abuse in
childbood and physical parntner violence victimization and/or perpe-
tration in young adulthood. Propensity score matching analysis of a
national data set sampling over 4,000 young adulls suggests that
experiencing child sexual abuse influences adull intimate partner
violenice victimization and perpetration. Study implications and
directions for fulure research are discussed.



Steps

Data preparation

Propensity score
estimation

Propensity
score method
implementation

Covariate
balance
evaluation

Treatment effect
estimation

Sensitivity
analysis

Obtain propensity scores
for treated and untreated
individuals

Implement a strategy to
balance treated and untreated
covariate distributions using
propensity scores

Determine the degree to
which balance of covariate
distributions between treated
and untreated was achieved

Estimate the treatment effect
and its standard error

Determine how strong

the effect of an omitted
covariate would have to be
for the significance test of the
treatment effect to change

TABLE1.1 @ Steps of Propensity Score Analysis

Obtain complete data that is
ready for analysis

Covariate selection

Implementation of missing
data methods

Logistic regression
Random forests

Generalized boosted modeling

Propensity score matching
Propensity score stratification

Calculation of propensity score
weights

Calculation of standardized
mean differences

Calculation of variance ratios

Weighted mean differences

Generalized linear models

Rosenbaum’s (2002) method

Carnegie, Harada, and Hill's
(2016) method

PRACTICAL
PROPENSITY

SCORE METHE@DS
USING

| N

WALTER LEITE



Step 2: Propensity Score Estimation

1. Define treatment and control group.

2. Identify potential confounders.
Current convention: if uncertain whether a covariate is a
confounder, include it into the model
Do NOT include your outcome into your model!

3. Estimate propensity score (PS) using logistic regression
(binary assignment)
OR a multinomial logit model for more than 2
arms/multiple doses of treatment.

PS
ln<1 —PS) :ﬁo +31X1 +ﬁ2X2 ++ﬁpo



How did Jennings et al. do this?

Standardized
Mean Difference

Before Matching n= 2732 CSA

Variables n = 1,430 CSA Victims Nonvictims

 Defining the groups:

. . Socioeconomic Status -.03 .08 -.11
» Experienced sexual abuse in  vearin school 142 1437 04
; Age 222 21. 15
ChlldhOOd OR not Gender .72 .68 10
Natural Two-Parent 58 .65 -.15
. o Household
o ChOOSlng propenSIty Homosexual Orientation .05 02 12
. (Same-Sex Partner)

Cohabitating With Partner 24 20 09
Score Covarlates Childhood Physical Abuse .39 22 34
. Witnessed Interparental 18 .08 20

 Based on prior research Violence
Witnessed Violence .60 49 23

Outside Home

Low Sell-Control 13.44 14.20 -.28
Alcohol Use 4.24 4.01 07
Drug Use 1.51 .76 34
Criminal History 5.42 3.45 A5
Western Region 04 04 00
Northeast Region 23 27 —.09
South Region .58 .50 A7
Midwest Region A5 19 -.11

Note: Significant mean differences (p < .05) are denoted in bold italics.



Propensity score graphs
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Now you have a propensity score — What next?

1. Propensity score matching
2. Inverse probability weighting using the propensity score
3. Stratification on the propensity score - historic

4. Covariate adjustment using the propensity score



Approach 1: Matching

General ides: Create a new sample of cases that share similar

likelihoods of being assigned to the treatment condition

Necessary condition: sufficient overlap in propensity scores

There are MANY types of matching. Software packages can do this.

Some simple ones are:
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What to do after matching?
« CHECK your matching

* It can happen (when you don’t have/choose the right covariates) that the
procedure creates more differences in the groups.

 Check your sample size: how much has it been reduced?

» Conduct your analyses on your matched data set just as you always
do.

« Report results the same way.

- Emphasize in the discussion that estimates are adjusted for bias
due to the covariates you included in your propensity score
analysis.

 Consider sensitivity analyses



TABLE 1 Bivariate Comparisons of Covariates Belore and After Matching for Child Sexual Abuse Victims and Child Sexual Abuse Nonvictims

Belore Matching

n= 2732 C5A

Standardized

After Matching

n= 1,335 CSA

Standardized

Variables n = 1,430 CSA Victims Nonvictims Mean Difference n = 1,335 CSA Victims  Nonvictims Mean Difference
Socioeconomic Status -.03 .08 -.11 —-.03 —.05 02
Year in School 14.42 14.37 04 14.42 14.42 .00
Age 22.24 21.46 A5 22.06 22,07 -.01
Gender 72 .68 10 72 73 -.02
Natural Two-Parent 58 .65 -.15 .59 .59 00
Household
Homosexual Orientation .05 02 12 4 03 03
(Same-Sex Partner)
Cohabitating With Partner 24 20 .09 23 24 -.03
Childhood Physical Abuse .39 22 34 37 34 05
Witnessed Interparental I8 .08 20 16 14 04
Violence
Witnessed Violence .60 49 23 58 59 -.01
Outside Home
Low Self-Control 13.44 14.20 -.28 13.58 13.67 -.03
Alcohol Use 4.24 4.01 07 4.17 4.05 04
Drug Use 1.51 .76 N ! 1.52 1.20 06
Criminal History 5.42 3.45 45 5.01 4.73 06
Western Region 04 04 00 04 03 02
Northeast Region 23 27 —.09 24 25 —-.02
South Region 58 .50 A7 57 57 00
Midwest Region A5 19 -.11 15 15 00

Note: Significant mean differences (p < .05) are denoted in bold italics.
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FIGURE 1 The effect of child sexual abuse on intimate partner victimization and perpetration
before and after matching,.

Note: IPV = intimate partner violence; OR = odds ratio; CI = confidence interval. IPV victim: before matching
(OR = 1.758; 95% CI = 1.537-2.010; p < .001)/after maiching (OR = 1.415; 95% CI = 1.207-1.657; p < .001).
[PV perpetrator: before matching (OR = 1.807; 95% CI = 1.583-2.003; p < .001)/after matching (OR = 1.399;
95% CI = 1.198-1.635; p < .001). Significant ORs are denoted in bold italics.




Mantra 1:
Conduct Sensitivity
Analyses



Sensitivity analysis
A sensitivity analysis asks specifically:

« How would inferences about treatment effects change by hidden
biases of various magnitudes?

« How large would these differences have to be to change the
conclusion of the study?

From a statistical point of view:
« How robust are the results of the model?

Sensitivity analysis cannot indicate what biases may be present;
It can only indicate the magnitude needed to alter the conclusion.



Another example — Lancet abstract

Published Online

Auvgust 1, 3017

UIM-ESONA, Riad El-Solh
Square. Beinet, Lebanon
[Praf i Khaeraja PhL¥)
Correspondence to:

Prrof Marsran Khasaj,

L ESOWA, R EF5olb Sopuare,
Beinut, Lebanon
Marevankhawaja@gmail.com

The effect of a husband's history of political imprisonment
on intimate partner violence: evidence from the occupied
Palestinian territory using propensity score matching

Muarwan Khawajo

Abstract

Background Little is known about the direct effect of political imprisonment on men's subsequent violent behaviour
within the family. Availability of these recent survey data about intimate panner violence and measures of men's
detention in prison and their assodiated physical and emotional torture provides a unique opportunity to assess the
causal association between these two factors. We aimed o examine the effect of political imprisonment on intimate
partner violence, using data from the 2011 Palestinian domestic violence survey, which included the West Bank and
Gaza Strip.

Methods The study was based on data from a 2011 cross-sectional survey of a representative sample of 4413 married
Palestinian women. A total of 3988 women were included in the matching analysis, of which 640 women had
husbands who had been detined. The outcome variable was the women's exposure to partner physical violence
during the past year. The treatment effect was whether a husband had been detined before 2010. We used propensity
score matching and propensity-based weighted regression models to assess the effect of a whether a husband had a
history of detention on intimate partner violence. Score matching was undertaken with the variables of age, education,
region, type of residence, refugee status, residential crowding, labour force participation, poverty, finandial stress,
decision making index, and hushand control index.

Findings Severe physical intimate partmer violence during the past year was reported by 455 (11%) women and sexual
violence by 439 (11%) women. 640 (16%) women reported that their husbands were detained before 2010. Analysis of
model-based estimates and average treatment effect showed a positive effect of a husbands who had been detained
on their physical violence (mean treatment effect 0036, 95% CI 0-008 to 0-62), but not with sexual viclence
(mean treatment effect—0. 014, 95% CI —0-040 1o 0-11) towards their parmer.



Approach 2: Inverse Probability Weights

« Each participant gets a weight assigned based on their probability
of being in the treatment group

« Calculate the inverse of the propensity score

 Use as a weight in subsequent analyses as you would when using
complex data

« If you have already weights in your dataset, multiply existing
weights by propensity score weights



Approach 3: Stratification using propensity scores
» First approach proposed by Rosenbaum & Rubin (1984)

 Analyzing in quintiles eliminates 90% of bias
« Calculate effects for each quintile

 Calculate weighted averages and pooled estimates for variances



Approach 4: Covariate adjustment using the
propensity score

* Is as simple as it sounds: Take the propensity score and use it as a
covariate

 Very little literature exists on how well this works

« I would not do this even if it seems to be the easiest way ....



TAKE SOME TIME AND DISCUSS WITH THOSE AROUND YOU WHAT IDEAS
THIS PART OF THE WORKSHOP HAS SPARKED.
REPORT BACK TO THE WHOLE GROUP



Software

* You can use any software package to determine the propensity
scores using logistic regression

* Need to save those results

» If using propensity scores as weights, you need to use routines that
allow you to do that — but most packages can do this now

» Matching packages are available for most software packages —
Google is your friend



[iterature

Austin, P. C. (2011). An introduction to propensity score methods for reducing
the effects of confounding in observational studies. Multivariate behavioral
research, 46(3), 399-424.

Guo, S., & Fraser, M. W. (2014). Propensity score analysis (Vol. 12). Sage.



Latent Class
Analysis

Going beyond
demographics etc.
to identify groups




What if we have a distribution like this?

Histogram

12.57

10.0=

Frequency
i}




Bimodal and multimodal distributions

Fancy speak for: different sub-groups are different on the construct we
are interested in.

Two scenarios:

1. We know how to categorize participants, e.g.
a) Gender
b) Place, e.g. country
c) Mental health status, e.g. depressed/not depressed

2. We don’t know how to group people, but we do have a hunch...
a) E.g. that certain behavior patterns show up, e.g. IPV domains
b) E.g. that certain characteristics show up together, e.g.

Intersectionality dimensions

Scenario 2 offers the possibility to do Latent Class Analysis (LCA)



What is LCA?

LCA is a statistical method used to identify
unmeasured class membership using
categorical and/or continuous observed
“Indicator” variables.

LCA is an example of mixture modeling.



PubMed results for Latent Class Analysis
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J Youth Adolescence (2017) 46:854-866 f
DOI 10.1007/s10964-016-0570-7 CrossMark

EMPIRICAL RESEARCH

A Three-Step Latent Class Analysis to Identify How Different
Patterns of Teen Dating Violence and Psychosocial Factors
Influence Mental Health

' Rebeeea weson? - Jer e 1 Abstract  Although multiple forms (i.e., physical, threa-
tening, psychological, sexual, and relational abuse) and
patterns (1.e., perpetration and victimization) of violence can
co-occur, most existing research examines these experi-
ences individually. Thus, the purpose of this study is to
investigate: (1) homogenous subgroups based on victimi-
zation and perpetration of multiple forms of teen dating
violence; (2) predictors of membership in these subgroups:
and (3) mental health consequences associated with mem-
bership in each subgroup.

Hye Jeong Choi



Table 1 Number of adolescents experiencing dating violence in five

domains

Role Domain n (%)

Perpetration Sexual abuse 121 €¢11.1)
Relational abuse 86 (7.9)
Emotional/verbal abuse 463 (42.5)
Threatening behavior 144 (13.2)
Physical abuse 216 (19.8)

Victimization Sexual abuse 222 (204)

Relational abuse
Emotional/verbal abuse
Threatening behavior

Physical abuse

195 (17.9)
458 (42.0)
161 (14.8)
216 (19.8)

The model is selected using fit indices
and likelihood ratio tests.

Table 2 Model fit index

Model Loglikelihood AlC BIC Adjust BIC LRT
[-Class solution =4554.51 9129.02 9177.24 914548 N/A
2-Class solution -3940.75 7923.50 8024.77 7958.07 1227.52%%%
3-Class solution —-3825.59 7715.17 7869 .48 7767.86 23().33%%*
4-Class solution —-3761.57 7609.15 7816.50 7679.90 128035
5-Class solution -3722.14 7552.28 7812.68 7641.18 78.87%%*
6-Class solution —3691.05 7512.10 7825.54 7619.11 62,187

Note LRT: adjusted Lo—Mendell-Rubin likelihood ratio test after six classes, the model did not converge

sl ?5=p < 001



The analysis reveals the classes;
The researcher interprets and labels them!
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Fig. 1 Response patterns for latent classes. EV emotional/verbal abuse class, FSC forced sexual contact, PPV psychological + physical abuse
violence class, PA psychological abuse class



Post LCA research aims - Choi

» How are psychosocial factors related to class membership?

« How does class membership relate to distal outcomes (anxiety,
depressive symptoms, hostility)?

« What role does class membership play as a moderator between
psychosocial factors and distal outcomes?



How are psychosocial factors related to class
membership?

2.15b 2.16b
2.09b , 2.14b

1.72a

1.63a

1.53a HHF

Anxiety Depressive Symptoms Hostility
M Nonviolence EEV EFSC EIPPV EIPA
. Fig. 2 Distal outcomes of each latent class. EmoV emotional/verbal the same subscripted alphabet letter are statistically indistinguishable

abuse class, FSC forced sexual contact class, PPV psychological + at the .001 alpha level. P was set at .001 to avoid Type I error due to
physical violence class, PA psychological abuse class. Estimates with multiple comparisons




Ideas for using LCA

GENERATE AND DISCUSS POSSIBLE APPLICATIONS OF LATENT
CLASS ANALYSIS WITH OTHERS AROUND YOU FOR 10 MINUTES
AND BE PREPARED TO SHARE AT THE END.



PennState
@ College of Health and The Methodology Center

Human Development advancing methods, improving health

Resources:
The Methodology Center

SAS Procedures for Latent Class Analysis & Latent Transition
Analysis

People Publications Training Resources

e INNOVATIVE METHODS
Select a Version

erimental design and analysis of complex data in the social, behavioral, and health sciences
1. Are you are using a 32-bit or 64-bit machine? 2. Are you using 32-bit or 64-bit SAS? Installing PROC LCA &

PROC LTA
= Not sure? See Microsoft's instructions. m In SAS, go to HELP > ABOUT SAS 5.

READ MORE

= Under Software Information "64" = 64-bit SAS.
= "64" not displayed = 32-bit SAS.

New Book on mHealth LCA Teachers' Corner
N 00:02 Me— 0320 -] R
4minute video: Install PROC LCA &PROC LTA il
Downloads =
PROC LCA & PROC LTA: 32-bit Windows, 32-bit SAS (v. 1.3.2) M0b| I e
) Need help?
64-bit Windows, 32-bit SAS (v. 1.3.2) P H ea Ith
64-bit Windows, 64-bit SAS (v. 1.3.2) Consult our FAQ. Stil have questions? Please imm"mmi( Methods, and &
emai MChelpdesk@psu.edu. SRR 1 | \\\
. i L G T
L ate n t C I as S A n a I yS I S ( L C A) S tata P I u g I n Susan Murphy has coedited a new textbook on mobile health This Teachers’ Corner is for instructors who want to introduce LCA
|n5ta"ati0n Tester containina chapters written by Susan, Inbal "Bilie” Nahum-Shani, and in a methods course. Contents include sideshows, readinas.
Downloads et}
LCA Stata Plugin: 32-bit Windows, (v. 1.2.1)

64-bit Windows, (v. 1.2.1)

Users' Guide: LCA Stata Plugin Users' Guide (v. 1.2.1)

https://methodology.psu.edu/



A bit of How-To

* SAS macro Starting with good hypotheses is very
helpful.

- Stata Plugin
The patterns don’t always emerge

« SPSS — has no capability cleanly.

R has several packages

« Mplus has the most extensive

capabilities
The Methodology Center at Penn State
1s a great resource:
- Sample size depends on the number https://methodology.psu.edu/ra/lca
of indicators

A few hundred is usually enough


https://methodology.psu.edu/ra/lca

Mantra 2:
Advanced Data Analysis 1s an Art

= Advanced Data Analysis needs to
be Theory-Driven



ime for a quick bio-break
Please be back in 10 min.




Path models

“Mediation on
Steroids”




What is Structural Equation Modeling (SEM)?

Structural Equation Modeling (SEM) is a family of
statistical techniques that builds upon multiple regression
as an extension of the General Linear Model.

Goals of SEM::

“+To understand the patterns of correlation (variance-covariance)
among a set of variables, and

“+To explain as much variance in these correlations and variables
in the theory as specified.



What is SEM?

Types of SEM:
% Measured variable path analysis — OUR FOCUS TODAY
%+ Confirmatory factor analysis (incl. MIMIC models)
 Latent variable path analysis, aka structured regression models
% Latent growth models
% Multilevel SEM
¢ With much more being added almost by the day



Path analysis vs. SEM

 Path analysis is a special case of SEM

 Path analysis contains only observed variables

 Path analysis assumes that all variables are measured without
error (as does regression)

« SEM uses latent variables to account for measurement error

 Path analysis has a more restrictive set of assumptions than SEM
(e.g. no correlation between the error terms)



The Origin of SEM

- Swell Wright, a geneticist in 1920s, attempted to solve
simultaneous equations to disentangle genetic influences across
generations (“path analysis™)

» Gained popularity in 1960, when Blalock, Duncan, and others
introduced them to social science (e.g. status attainment processes)

» The development of general linear models by Joreskog and others
in 1970s (“LISREL”models, i.e. linear structural relations)

. Compbutational advances (e.g. missing data and different
distributions) and implementation in standard software packages
have allowed for more researchers to use SEM in the past 5-10
years



Some general words about SEM

« SEM can be seen as an antidote against the over-reliance on
statistical tests of individual hypotheses

 Correct use of SEM requires strong knowledge about measurement
Less of that is needed for path analysis

« SEM has become quite popular but many published manuscripts
lack quality (McCallum & Austin, 2000, Shah & Goldstein, 2006)



Let’s look at some path
diagrams



Path diagram for a multiple regression model

Y = bO + b1X1 + bzXz + b3X3 + b4X4 + ey



. e “a given variable may be said to function as a mediator
Mediation to the extent that it accounts for the relation between the
predictor and the criterion. Mediators explain...” (Baron
& Kenny, 1986, p. 1176)

Mediator

Independent c Outcome
Variable Variable

In a mediation model there is a causal chain.

Within this chain is the direct effect (between the predictor and outcome), as well
as the indirect effect (through the mediator from the predictor to the outcome).



Useful Terminology

= Exogenous variable: a variable that is not caused by another variable within the
model

= Endogenous variable: a variable that is caused by one or more variables in the
model

= Standardized variable: a variable whose mean is zero and variance is one
= Structural model: a set of structural equations
= Path diagram: pictorial representation of a structural model

= Structural coefficient: the measure of the amount of change the in effect
variable expected given a one unit change in the causal variable (holding all other
variables constant)

= Disturbance: set of unspecified causes of the effect variable (analogous to error or
residual); each endogenous variable has a disturbance



But that’s not how the
world works...

USUALLY, THERE ARE
MULTIPLE PROCESSES AT
WORK




CHILDHOOD NUTRITION AND LATER FERTILITY:
PATHWAYS THROUGH EDUCATION AND PRE-
PREGNANT NUTRITIONAL STATUS*

MARIAELISA GRAFF, KATHRYN M. YOUNT, USHA RAMAKRISHNAN,
REYMNALDO MARTORELL, AND ARYEH D. STEIN

Better childhood nutrition is associated with earlier physical maturation during adolescence and
increased schooling attainment. However, as earlier onset of puberty and increased schooling can
have opposing effects on fertility, the net effect of improvements in childhood nutrition on a woman s
fertility are uncertain. Using path analysis, we estimate the strength of the pathways between child-
hood growth and subseguent fertility outcomes in Guatemalan women studied prospectively since
birth. Height for age = score at 24 months was positively related to body mass index (BMI kg/m’) and
height (cm) in adolescence and fo schooling attainment. BMI was negatively associated (—0.23 = 0.09
years per kg/m?; p < .03) and schooling was positively associated (0.38 = 0.06 years per grade; p <
001) with age at first birth. Iotal associations with the number of children born were positive from
BMT (0.07 = 0.02 per ke/m’; p < .05) and negative from schooling (—0.18 £ 0.02 per grade; p < .01).
Height was not related to age at first birth or the number of children bomn. Iaken together, childhood
nutrition, as reflected by height ar 2 years, was positively associated with delayed age at first birth and
Jewer children born. If schooling is available for girls, mcreased growth during childhood will most
likely resulf in a nef decrease in fertility.



Figure 1.  Conceptual Tested Path Models From Early Childhood Nutrition to Age at First Birth
and Number of Children Born to Date Through Adolescent Pre-pregnant Nutrition Status
(BMI/height) and Grades of Schooling Completed

Adolescent
BMI or height
Path 1a Path 1c
Path 1b
Number of
Height for age Age ar Path 3 > children born
at 2 years first birth to date
Path 2b
Path 2a Path 2c
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Summary and Hypotheses

Synthesizing the above discussion, Figure 1 illustrates the pathways that we will test in
this analysis. Hypotheses of the process relations, which correspond to our three research
questions, are as follows:

Hl:

H2a:

H2b:

H3:

A woman’s nutrition in childhood. as measured by her height for age = score at
24 months (z,,). will be positively associated with her adolescent pre-pregnant
nutritional status (measured as BMI and height at an age dunng adolescence
before her first pregnancy) and with schooling attainment (measured as grades
of schooling completed).

A woman’s schooling attamnment will be positively associated with her age at
first pregnancy and negatively associated with her number of children born to

date.

A woman’s pre-pregnant nutritional status will be negatively associated with
her age at first pregnancy and positively associated with her number of children
born to date.

The negative associations of schooling attainment with these fertility outcomes
will be larger in absolute magnitude than will the positive associations of pre-
pregnant nutritional status with the same outcomes. As a result. childhood
nutrition will have a net negative association with cumulative fertility.



Figure 2. Diagram of Direct and Indirect Standardized Path Coefficients From Height for Age = Score

at 24 Months (z,,) to Adolescent Pre-pregnant BMI, or Grades of Schooling Completed
to Age at First Live Birth and Number of Children Born to Date (V= 224)
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Note: Model fit statistics: ;-;3 =50.0; df = 111; p = 1.0; 5SEMR = 0.025; and CFI = 1.0



Thoughts? Questions? Comments?
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Figure 2: Structural equation model of pathways to women's use of harsh parenting practices
IPV=intimate partner violence. SES=sociceconomic status.




Some how-to of path
analysis



Time for Another Mantra
(#3)

DATA QUALITY
TRUMPS QUANTITY



Software

« SAS is fairly useless/painful

SPSS has an add-on package — AMOS — that is capable of simple analyses

Stata is getting better with each version — demonstration coming up

R is getting much better

Mplus is the gold standard

There are other specialty packages (e.g. LISREL) that I have not used in years.
All are expanding capabilities quickly.
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Chi-squared
(model vs. satura’

<.05 good fit
> .90 or >.95

> .05
<.08



In groups, discuss ideas for path analyses in your research.
Share with everybody.



Cross-lagged
models

Tackling the chicken
and egg problems




What are examples of chicken & egg problems in
violence research?

From my research:

Do people who eat healthier buy more fruit OR do those
who buy more fruit eat healthier?

Are people who quit smoking more likely to have a smoke-
free home OR are those who have a smoke-free home more

likely to quit smoking?



IPV Victimization and Suicidality: What Comes First?
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Mote. * p<.05. **p<.01. ***p=.001.
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Why cross-lagged models?

* Focus on Temporality!!!

* Models account for auto-correlation: many processes are
fairly stable across time

 Allows to investigate chicken and egg problems
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Questions to ask yourself

* What is a meaningful lapse in time?
» What are co-occurring processes?

* Do you expect the same changes/processes for all
participants?



Last Mantra for Today
(#4)

GOOD SOCIAL SCIENCE
IS TEAM SCIENCE



Psychological Medicine, Page 1 of 11. © Cambridge University Press 2017 ORIGINAL ARTICLE
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Pathways from assaultive violence to post-traumatic
stress, depression, and generalized anxiety symptoms
through stresstul life events: longitudinal

mediation models

S. R. Lowe'*, S. Joshi? S. Galea®, A. E. Aiello*, M. Uddin’, K. C. Koenen® and M. Cerda’

! Department of Psychology, Montclair State University, Montclair, NJ, USA
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Background. Assaultive violence events are associated with increased risk for adverse psychiatric outcomes, including
post-traumatic stress (PTS), depression, and generalized anxiety. Prior research has indicated that economic, legal, and
social stressors that could follow assaultive events may explain the increased risk for adverse psychiatric outcomes, yet lon-

gitudinal studies have not adequately examined this pathway. In the current study, we aimed to address this limitation.
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Fig. 1. Results of model for post-traumatic stress symptoms. *p <0.05, *p<0.01, **p <0.001. For clarity, coefficients for the
direct paths along the hypothesized indirect pathway, and the direct path from Wave 1 assaultive violence to Wave 3
post-traumatic stress are in bold. Standardized results are listed.

Methods. Participants (N=1360) were part of a longitudinal population-based study of adults living in Detroit. At three
waves, participants indicated their exposure to assaultive violence and economic, legal, and social stressors, and completed
inventories of PTS, depression, and generalized anxiety. Longitudinal mediation models were used to test the hypothesized
pathway from assaultive violence to each psychiatric outcome.



Some how-to

 Any software that can handle path models can also handle cross-
lagged models

« Many cross-lagged models are saturate (i.e. no degrees of freedom)
which makes traditional model fit indices useless

e Assess standardized coefficients

« Keep sample sizes in mind when interpreting the coefficients; what
is a meaningful amount of impact



TAKE SOME TIME AND DISCUSS WITH THOSE AROUND YOU
WHAT IDEAS THIS PART OF THE WORKSHOP HAS SPARKED.
SHARE WITH THE WHOLE GROUP



Stay 1n
touch!

Regine.Haardoerfer@Emory.edu




