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WHAT IS IDA?




INTEGRATIVE DATA ANALYSIS
(IDA)

A form of data pooling or fusion

Involves the simultaneous analysis of raw data pooled from two or more
independent samples
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and Daniel |, B:
w »

6/6/2019

INDIVIDUAL STUDIES

POOLED DATA SET
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ADVANTAGES OF IDA

Efficient use of existing resources
Increased statistical power

Larger counts of rare behaviors
increases model stability

Greater study integration and
replication

Empirically test novel hypotheses in
ways not possible in any single
contributing data set




ADVANTAGES OF IDA

Efficient use of existing resources
Increased statistical power

Larger counts of rare behaviors
increases model stability

Greater study integration and
replication

Empirically test novel hypotheses in
ways not possible in any single
contributing data set

Greater developmental age coverage

Ability to examine cohort versus
longitudinal trends

Ability to disaggregate regional versus
national trends

Items may vary (within limits) over
studies for a given construct

Ability to incorporate multi-
distribution items in scaling
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HURDLES FOR IDA

- IDA not always possible

~ Challenging data management

- Complex statistical analysis that are design dependent

But when possible, can be tremendously powerful.

WHY RELEVANT TO THE
LOVE CONSORTIUM?

The availability of many small- and large-scale studies

Resource and funding shortages

The pressing need for integration and replication

Computational infrastructure to share & secure large data

structures

Novel statistical models make IDA analytically tractable

+ do not need same item sets across all contributing data sets
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TYPICAL STEPS IN IDA (V2.0)

. Explicate theoretical question of interest
. Identify contributing data sets
. Conduct feasibility study

. Create collaborative IDA research team
. Develop pool of potential items for each construct

. Create logically harmonized data set

. Conduct psychometric harmonization
. Estimate optimal scores anchored to a common scale

. Transport scores to analyses for hypothesis testing
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. Transport scores to analyses for hypothesis testing

IDA EXAMPLE:
CROSS-STUDY

+ NIDA-funded project combining 3 existing data sets to study
symptomatology pathways to substance use and disorder,
particularly among children of parents with alcoholism

+ Michigan Longitudinal Study (MLS; PI: Zucker)
+ Adolescent/Young Adult Family Dev. Project (AFDP; PI: Chassin)
+ Alcohol and Health Behavior Project (AHBP; PI: Sher)
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CROSS STUDY DESIGN
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BENEFITS OF IDA
FOR CROSS-STUDY

EXAMINE EVALUATE LOWER TEST FOR STUDY EXAMINING EVALUATE COHORT
TRAJECTORIES OVER BASE RATE DIFFERENCES IN SMALLER SUBGROU FE
BEHAVIORS (NOT DIFFERENCES INRISK  DEVELOPMENTAL
DEVELOPMENTAL ~ JUST ALCOHOL AND  RELATING SYM FACTORS TRAJECTORIES
SPAN TOBACCO USE, BUT  TRAJECTORIES TO WITHIN AND
ALSO MARJUANA LATER SUBSTANCE ACROSS STUDIES
AND OTHER DRUGS)
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IDA HURDLES
FOR CROSS-STUDY

Across-sample heterogeneity Measurement
Cohort and period Constructs not measured the
differences same way in the three studies
Place differences Measurement evolves over
Sample ascertainment time even within study
differences Need to account for long age
span

« Measurement instruments may change with age
« Optimal reporter for behaviors may shift with age
* Meaning of behaviors may change with age
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BUILDING IDA DATA SETS

THE REAL WORLD

Despite increasing emphasis on standardization, IDA will often
have to contend with differences in measurement both
between and within studies

Even if identical items are assessed across studies, subject
responses may differ due to study-specific influences

This is particularly so when

psychometric properties of measures change longitudinally

studies were conducted at different points in historical time
multiple instruments compete to be the “gold standard”

construct of IDA interest was not central to the original study
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LOGICAL HARMONIZATION

Identifying comparable item stems or altering a
response scale within a study to make it comparable
to similar items assessed in other studies for pooled
analysis.
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LOGICAL HARMONIZATION
EXAMPLES
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Harmonization: Rescoring items measuring identical quantities to have
the same response scale.

Example:

Study

: “My family income is $ 5
Study 2: “My family income is

a. <$10,000

b. $10,000-$19,999

c. $20,000-$49,999

d. >$50,000”

Free response from Study | can be binned into intervals equivalent
to the response options in Study 2.
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LOGICAL HARMONIZATION
EXAMPLES

Positive expectancies about alcohol: relasation

6. Always

Prompt | Drinking alcohol makes me | Drinking alcohol relases | Drinking helps me o relax | Lxpectation thatalcohol
relased me helps to relax
Response | 0. Never 1. Strongly agree 1 Not acall :
ale L. Very rarely 2. Agree Aliudle bit
2. Rarcly 3. Neither agree nor 3. Somewhat
3. Occasionally disagree 4. Quite a bit
4 Frequendy 4. Disagree 5. Aloc
5. Very lrequently 5. Suongly disagree
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TYPES OF ITEMS FOR IDA

Do not need same items for the same construct across studies
Can have items that are
ridentical across all studies

:can be manually modified
to be similar

ravailable in subset of studies or cannot be
logically harmonized

Need some subset of to establish commensurate scale for
underlying construct
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LOGICAL HARMONIZATION IS
INSUFFICIENT FOR IDA

Psychometrics inform us that we cannot assume that harmonized (or identical) items
are equivalent across person or study

Harmonized values may not really be equivalent

People may tend to understate their income in free response format, but be less
likely to do so when indicating income within intervals

Identical harmonized values are then actually indicative of higher “real” income in
Study |.

Similar issues can arise due to subtle variation in item prompts, response category
labels or even where items are placed in battery.
May introduce artifacts into analysis that really due to study differences in stem or
response

Can use psychometric models to formally evaluate study- and person-specific
differences
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PSYCHOMETRIC
HARMONIZATION

Consists of two primary phases: model fitting and
scoring

In the model fitting phase, psychometric models can be used
to formally evaluate equivalence of harmonized items

In the scoring phase, psychometric models can generate
scores that are on a commensurate scale across studies

Psychometric models (factor analysis / IRT) require
multiple items per measure
common ‘linking’ items across pairs of studies
expertise with latent variable models
sufficient sample sizes
at times, patience
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PSYCHOMETRIC
HARMONIZATION IN IDA

Let’s consider three scenarios under which psychometric
harmonization might be applied:

All studies use the same gold-standard measure of
construct

Studies use multiple measures of construct which are
simultaneously administered in at least one study

Studies use completely different measures but can cobble
together items across batteries to generate construct
measurement

24



IDENTICAL MEASURES

Measure A
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OVERLAPPING MEASURES

Measure A

e — |

Measure B

Bridging Study
Common Items
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OVERLAPPING ITEMS

Measure A
sy ;. [ I #. Harmonized
Common Item
Measure B

Measure C
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PSYCHOMETRIC MODELING

Use factor analysis / item response theory models to
generate scores for each study
Unique items are present in only one study; coded missing in
other studies
Common items are present in two or more studies; may be
either identical or harmonized
Assumption is that item responses reflect the same
underlying common factor in each study

6/6/2019

28

IDENTICAL MEASURES

f~ Same Factor

Pooled:
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OVERLAPPING MEASURES

Pooled:

Study I:
Study 2:

Study 3:

[ Same Factor

I
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OVERLAPPING ITEMS
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PROPOSED FIVE STEP PROCESS

%{ Routledge

Talor & Francis Croup

A Moderated Nonlinear Factor Model for the
Devel of C ate M in
Integrative Data Analysis

Patrick J. Curran, James S. McGinley, Daniel J. Bauer, Andrea M. Hussong, and Alison Burns
University of North Carolina at Chapel Hil
Laurie Chassin
Arizona State University
Kenneth Sher
University of Missouri
Robert Zucker

University of Michigan
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PROPOSED FIVE STEP PROCESS

Conduct graphical and descriptive analyses of individual
items

Test dimensionality
Test for factor and item differences
Estimate scale scores

Evaluate the quality of the final scale scores

33
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ILLUSTRATIVE CASE
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Assessment of Internalizing in 3 studies: MLS, AFDP, AHBP
33 total items harmonized across CBCL and BSI
Converted from 0 to 2 scale to binary for CBCL in MLS
Converted from 0 to 4 scale to binary for CBCL in AFDP
Converted from 0 to 4 scale to binary for BSI in MLS and AHBP

All items harmonized to present-absent
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EXAMPLE: INTERNALIZING
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This item shows a strong
study difference in
developmental trends
(other items much more
similar across studies)

-
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Logit

Fc—

Developmental trend for this item
also aberrant relative to other items
in the same study

This item removed from item pool

36
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Standard CFA (Binary Items)

1
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VRS

... but assumes invariance over group ...
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Moderated Nonlinear Factor Analysis

38

Factor Mean

39
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Item Intercept
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40
Factor Variance
41
Item Loading
©
Z 2, | P
AN A-A
42
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Full MNLFA
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Full MNLFA Model

44

COVARIATE EFFECTS ON
FACTOR: DEPRESSION

Estimate (SE)

07019
0.63(.25)
056 (.18)

—0.86 (08)

Depression Score

1.03(31)
—0.74(23)

Factor variance
15. Age 0.02(.10) 021 8372
16. AHBP 0.13(.19) 0.66 5106
17. Age by AHBP 0.80(.27) 290 0038

45
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COVARIATE EFFECTS ON ITEMS
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Probobivty

DIF ITEM: WORRIED
BY STUDY & AGE
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SCORING PHASE

Establish final MNLFA model
some items are invariant over covariates

some items differentially relate to latent factor as function
of covariates

latent factor itself differentially relates to covariates

Take all parameters from final MNLFA and use to obtain
optimal scores on depression

called Empirical Bayes Estimates of underlying latent factor

Each subject gets person- and time-specific score of
depression that reflects item responses and covariates

literally using MNLFA as an incredibly complex calculator

48
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HYPOTHESIS TESTING IN IDA

MOTIVATING QUESTION

Highly correlated in
adolescence

Internalizing
symptoms

Marijuana and
Drug Use

Are there unique within- and between-
person effects of internalizing and
externalizing symptoms on substance use?

50

SAMPLE FOR CURRENT
ANALYSES
age Zucker obs | Chassinobs | Sherobs | total obs
11 156 107 0 263
12 281 191 0 472
13 339 266 0 605
14 341 293 0 634
15 226 249 0 475
16 204 151 0 355
17 193 64 8 265
18 7 150 399 556
19 0 110 468 578
20 0 120 433 553
21 0 125 433 558
22 0 81 117 198
Total obs 1747 1907 1858 5512
Total individs 502 634 481 1617

51
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CONSTRUCT

ITEMS

Assessment of Internalizing Symptoms

STUDY I:
MLS (PI:Zucker)

Child Behavior Checklist (CBCL) and
Brief Symptom Inventory (BSI)

STUDY 2:AFDP
(PI: Chassin)

CBCL

yeununuu
0[112[3]6|7(8|2
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MARIJUANA & DRUG USE:
LOG-ODDS

Age in'Years

PLOT &% logorg  EEFE logmy

Fitted a piecewise-linear knotted at age 18 with random intercept and slopes
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HYPOTHESIS
TESTING

DRUG and M| are binary

In 2 of 3 studies siblings nested in
family

Must start with unconditional growth
models

Requires non-linear 3-level model

binary: FIML estimation of logit link
function with binomial response
distribution

enter all covariates with study
interactions

enter between and within
symptomatology scores with study
interactions

54
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ABBREVIATED RESULTS: MARIJUANA USE
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Within PE SE z P
internalizing 0.15 0.17 0.873 0.383
externalizing 0.26 0.17 1511 0.131

Between
gender 0.36 0.23 1.6 0.11
ethnicity 0.04 0.33 0.11 0.91
education 0.01 0.12 0.11 0.91
COA 131 0.24 5.36 0
MAD 0.3 0.26 119 0.23
ASPD 119 0.35 3.44 0
internalizing 0.28 0.2 1.38 0.17

—> externalizing 124 0.24 5.25 0
study zvs c 0.01 0.34 0.04 0.97
—> studysvsc 143 0.72 197 0.05,
55
ABBREVIATED RESULTS: DRUG USE
Within PE SE z P
——> internalizing 0.39 0.18 2.17 0.03
—> externalizing 0.37 0.18 2.08 0.04
Between
gender 0.38 0.23 1.65 0.1
ethnicity 03 033 0.92 0.36
education 0.02 0.12 0.18 0.86
COA 0.61 0.25 2.48 0.01
MAD 0.79 0.25 3.12 0
ASPD 0.51 0.35 146 0.14
——> internalizing 0.71 0.21 3.48 0.001
—> externalizing 1.34 0.22 6.23 0
—> studyzvsc -1.22 0.35 -3.53 0
study svsc -0.69 0.73 -0.95 0.34,
56
Marijuana Use: between-person
effect of externalizing
symptomatology only —-WHO
SUMMARY
OF
RESULTS
person effects of both internalizing
and externalizing symptomatology
—WHO and WHEN
57
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WORKSHOP SUMMARY
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MAIN POINTS

IDA capitalizes on existing data sets to answer new
questions

Can be both powerful and economical
Requires preparation
Building teams
Pouring through codebooks to generate crosswalks
Building pooled data sets with logically harmonized variables

Requires attention to study differences in both
measurement and modeling phases

Provides a rich platform for data pooling and collaboration

Where to go from here?

59

ACKNOWLEDGMENTS

The project described was supported by supported by

National Institutes of Health grants ROl DA034636 (PI: Daniel
Bauer) and ROI DA015398 (Pls:Andrea Hussong & Patrick
Curran). The content is solely the responsibility of the
authors and does not represent the official views of the
National Institute on Drug Abuse or the National Institutes of
Health.

60

20



