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A B S T R A C T

Background: With increasing data archives comprised of studies with similar measurement, optimal methods for
data harmonization and measurement scoring are a pressing need. We compare three methods for harmonizing
and scoring the AUDIT as administered with minimal variation across 11 samples from eight study sites within
the STTR (Seek-Test-Treat-Retain) Research Harmonization Initiative. Descriptive statistics and predictive
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Data harmonization validity results for cut-scores, sum scores, and Moderated Nonlinear Factor Analysis scores (MNLFA; a psy-
chometric harmonization method) are presented.
Methods: Across the eight study sites, sample sizes ranged from 50 to 2405 and target populations varied based
on sampling frame, location, and inclusion/exclusion criteria. The pooled sample included 4667 participants
(82% male, 52% Black, 24% White, 13% Hispanic, and 8% Asian/ Pacific Islander; mean age of 38.9 years).
Participants completed the AUDIT at baseline in all studies.
Results: After logical harmonization of items, we scored the AUDIT using three methods: published cut-scores,
sum scores, and MNLFA. We found greater variation, fewer floor effects, and the ability to directly address
missing data in MNLFA scores as compared to cut-scores and sum scores. MNLFA scores showed stronger as-
sociations with binge drinking and clearer study differences than did other scores.
Conclusions: MNLFA scores are a promising tool for data harmonization and scoring in pooled data analysis.
Model complexity with large multi-study applications, however, may require new statistical advances to fully
realize the benefits of this approach.

1. Introduction

The National Institute on Drug Abuse (NIDA) and other National
Institutes of Health partners initiated the STTR (Seek-Test-Treat-Retain,
referencing the HIV treatment cascade) Research Harmonization
Initiative to create the largest prospective data collection and harmo-
nization effort (Chandler et al., 2015). The initiative serves as an ex-
ample for creating partnerships between government agencies and
study investigators at the point of project inception with the goal of
eventual data harmonization (i.e., creating comparable measures in
different data sets for pooled analyses across studies). The collaboration
involves 22 NIDA-funded studies that test interventions involving the
STTR treatment cascade for criminal justice-involved (n=12) and
vulnerable populations with drug abuse (n= 10). Workgroups com-
prised of NIDA staff and study investigators identified core constructs
and shared assessments that were administered across studies (with
some exceptions). The result of this collaboration is a rich data set
managed by a data coordinating center at the University of Washington.

Although large cross-national collaborations involving data har-
monization are not new to the sciences (Dubrow and Tomescu-Dubrow,
2016), the STTR collaboration is among an increasing number of stu-
dies applying data harmonization methods to address public health
issues ranging from aging (Gatz et al., 2015) and cancer (Adams et al.,
2015) to treatments for college problem drinking (Huh et al., 2015) and
adolescent depression (Brown et al., 2016). Data harmonization
methods use resources efficiently to create large samples with greater
statistical power and increased heterogeneity for testing population
differences (Curran et al., 2017; Curran and Hussong, 2009; Hussong
et al., 2013). The simultaneous analysis of data from different studies
also permits direct evaluation of the extent to which effects replicate
across independent studies. Harmonization studies, however, are not
without their challenges (Schaap et al., 2011), particularly those in-
volving data harmonization when pooled studies use non-identical
measures.

Approaches to data harmonization can be categorized into logical
versus analytic methods (Granda et al., 2010). Logical harmonization
methods describe rule-based processes for making decisions about
which items or measures in one study align with those in another. For
example, some studies assume that measures administered identically
in different studies are by default directly comparable across studies
(even when larger batteries, assessment techniques, samples differ).
One approach to harmonization is to rely on agreement among expert
raters to determine whether item wording, instructions or response
scales are (or can be made) comparable by collapsing across categories
(i.e., a 5-point Likert response scale ranging from none to very often is
collapsed to match a 2-point response scale ranging from none to any).
Logical harmonization efforts yield pooled data sets with intuitively
comparable items. Researchers then often turn to traditional scoring
methods (i.e., using pre-determined scale cut-scores or sum scores) to
create variables from the pooled data that are used in subsequent

analyses.
Although widely used and easy to implement, cut-off and sum scores

have well-documented psychometric limitations (Wainer and Thissen,
2001) that may be amplified in the context of integrative data analysis
(Curran et al., 2018b). These scoring methods fail to capture mean-
ingful individual variation due to which items on an instrument are
endorsed (e.g., feeling guilty about drinking and alcohol-related in-
juries would be equally weighted indicators of problem drinking), how
the measure is administered across studies (i.e., minor variation in item
wording, item order, instructions or response scales as well as differ-
ences in administration due to language or preceding assessment tasks),
and how individuals may differ from one another in how they interpret
and respond to individual items (i.e., males may be more likely to en-
dorse binge drinking as females even at the same level of drinking se-
verity). Analytic harmonization methods use psychometric approaches
to test assumptions about comparable item performance across studies
and to create commensurate measures through equating procedures
(Bauer and Hussong, 2009; Granda et al., 2010). One approach to
analytic harmonization is moderated non-linear factor analysis
(MNLFA, Bauer and Hussong, 2009; Curran et al., 2014). Applied
within an Integrative Data Analysis framework, MNLFA draws upon
psychometric theory to address the problem of creating comparable
measures across studies. More specifically, MNLFA combines elements
of nonlinear factor analysis and item response theory (IRT) to evaluate
whether items perform comparably across pooled studies and to ac-
count for differences in item performance when creating variables for
subsequent analyses. MNLFA models, however, can be complex to es-
timate and can require additional time and expertise (though see recent
advances in partial automation of this model, Gottfredson et al., 2018).

To evaluate these relative benefits of the MNLFA approach, we
compare scores drawn from three approaches to scoring the AUDIT
(Babor et al., 2001) as administered similarly in eight STTR Criminal
Justices (STTR-CJ) study sites. These include cut-scores, sum scores,
and MNLFA scores. The AUDIT, created as a screening tool for pro-
blematic alcohol use, is strongly correlated with alcohol diagnoses
(with median sensitivity and specificity rates of 0.86 and .89, Reinert
and Allen, 2002). Research using the AUDIT relies on both cut-scores
(Babor, 2001; Saunders et al., 1993, suggest a cut-score of 8) and sum
scores (Chen et al., 2006; Knibbe et al., 2006) to provide dichotomous
and continuous indicators of drinking severity, respectively.

Within- and between-study differences in the AUDIT can be ac-
counted for when creating MNLFA scores by including these as cov-
ariates within the fitted model. More importantly, by including specific
study membership as a covariate in these models we can account for
clustering and differences that might exist across studies in AUDIT score
performance due to differences in placement of AUDIT within a battery,
modifications to AUDIT items, and/or differences in study populations
that might interpret items differently. In contrast, cut-scores or sum
scores are not informed by covariates. Core parameters in the MNLFA
include the mean and variance of the latent factor (in this case drinking
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severity) and the factor loadings and intercepts for the set of (AUDIT)
items. Whereas an item intercept represents the predicted value of an
AUDIT item when the latent variable is held at zero (i.e., items with
higher intercepts are more commonly endorsed), the factor loading
represents the predicted increment in a subject’s response to the item
associated with a one-unit increase in the latent variable (i.e., items
with higher slopes are more strongly related to the latent construct or
more discriminating between individuals with different levels of un-
derlying drinking problems). In MNLFA, covariates (such as study
membership) may be added to influence the parameters that define the
latent factor. Given that the STTR CJ study samples differ in factors that
are associated with drinking severity (e.g., male/female, race/ethnicity,
HIV status; Galvan et al., 2002; Grant et al., 2004; Nolen-Hoeksema,
2004), we can include these covariates to determine whether study
differences persist after accounting for sampling variation on these
characteristics.

Using MNLFA, we can evaluate whether covariate differences are
evident in overall drinking severity (both the mean and variance), in
the extent to which individual items are indicative of drinking severity
(factor loadings), and in individual item endorsement for those at the
same level of drinking severity (item intercepts). Importantly, MNLFA
permits us to differentially weight items in creating composite scores as
a function of individual factors (e.g., male/female, race/ethnicity, HIV
status) and study design features (e.g., study membership). Recent
computer simulation studies have demonstrated that factor scores ob-
tained in this way are psychometrically superior (i.e., in terms of true
score recovery and predictor-criterion recovery) to those derived from
more traditional methods that do not incorporate covariates (Curran
et al., 2018a, 2016). Here we extend those simulation findings with an
application to real data from a complex data harmonization project.

In sum, we contrast three scoring approaches for creating compar-
able measures for the AUDIT across 11 samples from eight of the STTR
CJ cohort sites (note some sites contributed multiple subsamples).
These approaches include traditional AUDIT cut-scores, sum scores
based on logically harmonized AUDIT items, and MNLFA factor scores
that account for posited differences in the structure of measurement.
We evaluate differences between scores generated from these ap-
proaches by (a) evaluating differences in item performance as a func-
tion of study membership and individual difference factors (e.g., male/
female, race/ethnicity, and HIV status of participants), (b) comparing
descriptive differences across scores in means and sample variation, and

(c) testing differences in how scores are associated with a measure of
30-day binge drinking.

2. Methods

2.1. Participants

The product of the STTR Data Collection and Harmonization
Initiative developed by the National Institute of Allergy and Infectious
Diseases (NIAID), the National Institute on Drug Abuse (NIDA), the
National Institute of Mental Health (NIMH), and the Office of AIDS
Research (OAR), the STTR CJ cohort emerged through a collaboration
with researchers who harmonized and pooled data from 12 in-
dependent studies funded to evaluate the STTR treatment cascade for
CJ involved individuals (Chandler et al., 2017). Participants for the
current analysis come from eight CJ study sites that administered the
AUDIT at baseline. Because some study sites collected more than one
sample but used the same measures, we combine samples from the same
site in our harmonization analysis. Table 1 reports demographic char-
acteristics of each sample. Sample sizes ranged from 50 to 2405 and
target populations varied based on sampling frame, location, and in-
clusion/exclusion criteria (see Table 2). The pooled sample included
4667 participants and was 82% male, 52% Black, 24% White, 13%
Hispanic, and 8% Asian or Pacific Islander, with a mean age of 38.86
(range 18–74).

2.2. Procedures

Studies took place across various CJ settings, including jail, prison,
and community supervision, and included both persons living with HIV
(PLWH) and HIV-uninfected individuals. For the current analyses, we
examined only data collected at baseline in each sample. (More in-
formation available at Chandler et al., 2017, 2015).

2.3. Measures

Particpicipants completed surveys in which they reported their de-
mographic characteristics including age, gender identity (categorized
here as male and female, given that not all studies measured trans-
gender status and individuals were categorized as the gender to which
they had transitioned), and race/ethnicity (collapsed to reflect white,

Table 1
Demographic characteristics for STTR CJ cohort study participants.

Study N Self-Identified Gender, %a Race/ethnicity, % Age, M (SD)

Female Male White Black Asian/PI Multiethnic
BRIGHT
BRIGHT 1 2405 18 82 28 52 0 4 38.99 (29.96)
BRIGHT 2 100 22 78 3 90 0 3 45.22 (7.76)

CARE
CARE+Parole 138 20 80 41 19 0 6 34.41 (10.30)
CARE+RCT 112 42 58 4 88 0 8 32.90 (10.16)
CARE+RIDOC 250 6 94 47 15 0 8 42.23 (9.56)

NEW HOPE 122 19 81 12 23 0 1 45.64 (8.09)
START TOGETHER 195 0 100 22 46 1 1 37.90 (10.86)
STRIDE
STRIDE 1 50 31 69 0 94 0 4 53.02 (6.36)
STRIDE 2 109 54 46 1 37 0 0 50.83 (9.04)

STT
STT JAIL 276 20 80 8 81 0 1 40.91 (12.02)
STT PRISON 90 12 88 3 91 0 0 43.72 (10.34)

SUCCESS 56 11 89 9 70 0 7 37.16 (8.61)
VISTAb 378 0 100 0 0 100b 0 35.59 (5.97)

Note: CJ=Criminal Justice; STTR=Seek, Test, Treat, and Retain.
a Transgender participants were coded as the gender (male/female) they identified as transitioning to (due to small number of transgender participants across

studies).
b Study took place in Vietnam and all participants were Asian.
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black, Asian, Hispanic, and other).
Participants also completed the AUDIT to assess problem drinking.

Across studies, we followed standard AUDIT response scoring (see ap-
pendix) and coded response scales to range from 0 to 4 for items 1–8
assessing frequency of alcohol use, quantity of alcohol consumed during
drinking episodes, binge drinking, inability to stop drinking once
started, failing to meet obligations due to drinking, needing a first drink
to get started in the morning, feelings of guilt or remorse following
drinking, and memory loss due to drinking; and response scales of 0
(no), 2 (yes), or 4 (not in the past year) for items 9–10 assessing
whether the participant or another indivdual had been injured as a
result of drinking and whether another individual has been concerned
about the participant’s drinking habits. The standard AUDIT asks in-
dividuals to recall and answer these questions based on drinking habits
over the past year, with items 9–10 also adding a score for drinking
severity that happened outside of this one year retrospection period
(Babor et al., 2001). Seven of the eight STTR CJ studies had response
scales that were harmonizable with standard AUDIT scoring. Some
samples, however, received an altered version of the original AUDIT
measure (see Table 2) involving a change in the length of the reporting
window (up to 12 months), change in the wording of the binge item

question (to capture sex differences in recommended cut-points), or
change in the response scale. Therefore, though standard AUDIT scores
could be generated easily for nine of the eleven samples, they may
reflect different criteria across samples. Such variations highlight the
need to consider more principled approaches to developing comparable
measures.

The study that was more challenging to logically harmonize with
the standard AUDIT was the BRIGHT study (which consisted of data
from both BRIGHT 1 and BRIGHT 2 samples). We equated two items (9
and 10) whose response scales differed from the original format and
coded responses of ‘1’ (less than monthly) as 2 (‘yes, but not in the past
year’) and answers of> 1 (more than monthly) as ‘4’ (yes, in the past
year). We recognize, however, that a response of “less than monthly”
could possibly indicate that it happened in the past year, making the
scoring not entirely accurate for this population. We test this harmo-
nization assumption in one of our scoring strategies.

We analyzed the AUDIT data using three different scoring ap-
proaches, including traditional cut-scores. To create cut-scores, sum
scores using response scales for all ten items were examined and scores
of 8 or more (for men) or 4 or more (for women and those over 60 years
of age) were coded as positive screens (following Babor et al., 2001),

Table 2
Inclusion/Exclusion Criteria and AUDIT Questions for STTR CJ Cohort Studies.

Sample Inclusion/Exclusion Criteriaa Differences from Standard AUDIT Questionnaire
BRIGHT 1 Unknown HIV status; on probation or parole in Baltimore, MD or Providence/

Pawtucket, RI and residence in the Baltimore or Providence/Pawtucket area
throughout the study period

Items 9-10 have a response scale of (0) Never; (1) Less than monthly; (2)
Monthly; (3) Weekly; (4) Daily or almost daily

BRIGHT 2 HIV-infected; on probation or parole in Baltimore, MD and planned residence in
greater Baltimore area throughout the study period

Same alteration as BRIGHT 1.

CARE+Parole Aged 18+; self-reported as HCV negative or unknown; on probation or parole;
English speaking

Retrospection period of "in the previous 3 months"; binge criteria of 5
drinks for men or MTF transgender participants; criteria of 4 drinks for
women or FTM participants

CARE+RCT Aged 18+; HIV-infected; released from the correctional facility or half-way
house ≤6 months ago and living in Washington, DC metropolitan community
(not a restricted setting, e.g. half-way house) or currently detained in jail with
anticipated release to community (not a restricted setting); reading at 8th grade
level and English-speaking

Retrospection period of "in the 12 months before you were incarcerated";
binge criteria same as CARE+parole

CARE+RIDOC Aged 18+; self-reported as HCV negative and documented HCV infection
during Department of Corrections time with anticipated release between 3 and
12 weeks from enrollment; English-speaking

Retrospection period of "in the 3 months prior to incarceration"; binge
criteria same as CARE+Parole

NEW HOPE Aged 18+, HIV-infected, meeting DSM-IV criteria for opioid dependence,
within CT corrections system and not pending trial for a felony, within 30 days
of being released to greater New Haven, Hartford, Waterbury or Springfield
areas or 30 days after release; English- or Spanish-speaking, no liver failure or
grade IV hepatitis, no active opioid withdrawal, no receipt of methadone or
buprenorphine/naloxone for treatment of opioid dependency, no participation
in pharmacotherapy trial in the previous 30 days

Retrospection period of "in the year prior to this incarceration"

START TOGETHER Men aged 18+ with either unknown or believed negative HIV status within 90
days of release from NY detention center entering a residential substance abuse
treatment program

n/a

STRIDE 1 Aged 18+; HIV-infected; meeting DSM-IV criteria for opioid dependence;
resident of Washington, DC with eligibility for medical entitlements; English- or
Spanish-speaking; no current opiate medications for chronic pain conditions or
need to be placed on such medications; no current methadone doses over
30mg/day, no AST and ALT >5× the ULN; no pregnancy or breast-feeding;
no liver dysfunction; no suicidal ideation; no participation in pharmacotherapy
trial in the previous 30 days

n/a

STRIDE 2 Aged 18+; HIV-infected; meeting DSM-IV criteria for opioid dependence;
resident of Washington, DC with eligibility for medical entitlements; English-
speaking

n/a

STT JAIL Aged 18+; HIV-infected; detained in IL corrections system (jail); expecting to
reside in Chicago after release

Retrospection period of "past 6 months"; binge criteria of 5 or more drinks

STT PRISON Aged 18+; HIV-infected; recently released from IL corrections system (prison);
enrollment was within 60 days of release

Retrospection period of "in the 6 months before you were in prison this
last time"; binge criteria of 5 or more drinks

SUCCESS Aged 18+; HIV-infected; detained or sentenced in jail or detention center and
likely to leave within 6 weeks; no recent participation in randomized trial to
improve retention in HIV care; English-speaking

Retrospection period of "in the 12 months before you came to jail"

VISTA Aged 18+; recently released from drug treatment centers; HIV-infected; male;
meet criteria for ART by Vietnam's national guidelines; not currently on ART;
not enrolled in other HIV interventional research study

Retrospection phrased as "in the last 12 months" instead of "in the last
year"

a Information in this column taken from Table 2 in Chandler et al. (2017). N/A denotes AUDIT was administered without any changes from the original in-
strument.
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yielding a dichotomous indicator (0/1) of hazardous/harmful alcohol
use. Additional scoring approaches are described below.

Participants also completed measures assessing their recent alcohol
use based on a single item from the Alcohol Severity Index (McLellan
et al., 1980). The following studies measured pre-incarceration alcohol
use: CARE+RCT, CARE+RIDOC, NEW HOPE, STT JAIL, STT
PRISON, and SUCCESS; whereas others asked about alcohol use prior to
baseline (regardless of timing with respect to incarceration). In addi-
tion, timeframes for recent alcohol use varied, including 30 days (for
NEW HOPE and START), 90 days (for BRIGHT, STT), and one year (for
CARE+RCT and SUCCESS). Timeframe was not specified for STRIDE
and START. Following, Matsuzaki et al. (2018), these items were col-
lapsed across varying time frames. Dichotomized responses indicated
engaging in recent alcohol use (1) or not (0).

2.4. Analytic plan

The analyses proceeded in three steps. First, we generated scores for
the AUDIT based on three procedures: (1) cut-scores following logical
harmonization of AUDIT items, (2) sum score based on summing the 10
AUDIT items, and (3) factor scores based on MNLFA. The first two
techniques assume logical harmonization is sufficient to address dif-
ferences in samples and measurement that may otherwise mascquerade
as true score variance on the AUDIT. The last technique tests assump-
tions regarding logical harmonization and incorporates differences in
item performance across studies into scoring. Second, we conducted
descriptive statistics to examine similarities and differences in the
scores derived from each of the three techniques. And, third, we ex-
amined predictive validity of all three scores relative to an indicator of
30-day binge drinking.

3. Results

3.1. Creating sum and MNLFA scores

We examined item distributions within and across studies and
conducted a series of exploratory factor analyses (EFA) to assess di-
mensionality and local dependence (item redundancy). Based on these
analyses, we selected items and transformed variables as follows in
preparation for scoring. To create MNLFA and sum scores, we trans-
formed all items to a binary response scale (yes/no) to avoid sparseness.
We also eliminated quantity and frequency items in MNLFA and sum
scores because they were redundant with the binge item and because
they split off to form a separate factor (with the binge item) in an EFA.
Without these items, the remaining items formed a unidimensional
factor and were used in sum score as well as MNLFA scoring. (Percent
endorsement of AUDIT items are listed for each study in Table 3.) An
extension of factor analysis and item response theory, MNLFA generates

scores that reflect not simply how many items were endorsed but which
pattern of items were endorsed. Additionally, MNLFA allows covariates
to directly affect both the mean and variance of the latent variable,
referred to as impact, as well as measurement parameters linking items
to the latent variable, referred to as differential item functioning (DIF).
Details of our scoring analyses are presented in previous work (Curran
et al., 2016).

Along with study membership, we attempted to control for demo-
graphic factors (e.g., race/ethnicity, male/female, whether participants
were incarcerated, and whether participants reported on current or past
use) as these may inform item performance and enhance score preci-
sion. However, these models did not converge (even when we limited
the covariates to just race/ethnicity and male/female), probably due to
substantial imbalances across studies giving rise to excessive multi-
collinearity with study membership (i.e., resulting in confounding of
the study membership variables and covariates). Therefore, the MNLFA
models only control for sample effects.

Sample membership was effect-coded to capture study differences.
The largest study site (BRIGHT) was used as the reference group.
Sample membership was allowed to affect both the mean and variance
of the latent factor (assessing differences in drinking severity, impact)
as well as the intercepts and loadings of selected items (assessing dif-
ferences in item performance across studies, DIF). Following estab-
lished model building strategies16, factor mean and variance impact
models were run separately and DIF was tested separately for each item.
At this stage, any impact with p < .10 and either intercept or loading
DIF with p < .05 was retained to provide a more inclusive impact
model and avoid false detection of DIF due to omission of small but real
impact effects. If only intercept DIF was detected, then only this para-
meter was considered further. If loading DIF was detected, then both
the intercept and loading DIF parameters were carried forward. The
identified effects were next evaluated simultaneously in a cumulative
model. We then sequentially trimmed effects to arrive at a final scoring
model, using a p < .10 threshold for impact and p < .05 threshold for
DIF (using a familywise false detection rate of p < .05 for DIF). To
avoid Type II error, nonsignificant effects from this final, trimmed
model were not re-trimmed, so some effects in the final scoring model
were non-significant.

There were some differences in factor mean (i.e., impact) and var-
iance by sample. CARE and START had positive mean impact indicating
that these two studies had higher MNLFA factor scores on the AUDIT
than the average score across studies. NEW HOPE had negative mean
impact. A small, negative mean impact effect of STRIDE was included in
the final scoring model (as per trimming guidelines) but was not sig-
nificant in the final model. No study had significant variance impact on
the latent factor, although two were included in the final scoring model:
NEW HOPE and STT.

There were also some sample differences in item factor means

Table 3
Item endorsements by STTR Sample.

CARE NewHope STT BRIGHT Start Stride Success Vista

How often have you had [4/5/6 – study-specified binge criteria] or more drinks on one occasion? 61% 28% 49% 29% 54% 31% 48% 53%
How often during [retrospective period] were you not able to stop drinking once you had started? 37% 20% 24% 10% 32% 18% 27% 100 %a

How often during [retrospective period] have you failed to do what was normally expected from you
because of drinking?

33% 20% 25% 11% 27% 20% 30% 24%

How often during [retrospective period] have you needed a first drink in the morning to get yourself going
after a heavy drinking session?

27% 19% 15% 7% 24% 17% 21% 9%

How often during [retrospective period] have you had a feeling of guilt or remorse after drinking? 36% 26% 25% 15% 32% 19% 30% 22%
How often during [retrospective period] have you been unable to remember what happened the night

before because you had been drinking?
37% 18% 20% 15% 24% 19% 30% 10%

Have you or someone else been injured as a result of your drinking? 29% 6% 18% 12% 20% 8% 11% 21%
Has a relative, friend, doctor, or other health worker been concerned about your drinking or suggested

you cut down?
37% 21% 26% 19% 33% 8% 25% 60%

a This item was scored as missing in the VISTA study because responses in the pooled data set indicated 100% endorsement in this study. The item was present in
all other studies and included in analyses.
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(intercept) and loadings by sample. There was no significant loading
DIF in the final scoring model. This indicates that across this set of
studies, all items were related to the underlying factor. STT was nega-
tively associated with the intercept of Injury, indicating that, at the
same level of drinking severity, participants in the STT study were more
likely to endorse this item than were participants in other studies (i.e.,
the item was easier to endorse in STT). CARE and STT were positively
associated with the intercept for the Binge item, indicating that this
item was more severe in these studies or that, at the same level of
drinking severity, participants in these studies were less likely to en-
dorse this item than were participants in other studies (i.e., the item
was harder to endorse). NEW HOPE and STRIDE (both specifically re-
cruited persons with opioid disorders and did not exclude for comorbid
AUDs/SUDs) were negatively associated with Binge (easier to endorse).
Being in the VISTA study was not significantly related to the item as-
sessing that alcohol caused you to fail to engage in expected behaviors
but the effect was included in the final scoring model.

3.2. Comparison of MNLFA, sum, and AUDIT cut-off scores

Sum scores were more zero-inflated (i.e., piling up at zero) than
MNLFA score, which had greater variation (Fig. 1 shows MNLFA (top)
vs. sum scores (bottom) by study membership.) Whereas 52% of par-
ticipants had a sum score of zero, only 7% of participants had MNLFA
scores below -1.25 (i.e., in the lowest bar of the histogram shown in
Fig. 2). Study effects are also variable across MNLFA and sum scores,
though floor effects are clearly visible in sum scores and, to a lesser
extent, in MNLFA scores. Sum scores have a mean of 1.69 and

sd= 2.41; N= 310 people have missing scores due to missing re-
sponses to some items. MNLFA scores (distributed on a standard normal
and thus with a different metric than sum scores), have a mean of -0.18
and sd= .93; no scores are missing due to the use of full information
maximum likelihood to estimate scores from available items and study
membership indicators.

The correlation between sum scores and MNLFA scores is r = 0.90.
Fig. 2 shows the associations amongst the three scoring methods with
univariate distributions on the diagonal. As seen here, MNLFA scores
capture greater individual variation than either sum scores or cut-scores
and permit covariates to better differentiate (and predict) individuals’
drinking severity. As shown in Fig. 3, people who do not meet the cutoff
criteria tend to have very low AUDIT sum scores (mean=median=
mode= 0) and those who do meet criteria have a very wide range of
sum scores.

3.3. Predictive validity of the three scoring methods

Table 4 compares results of a predictive validation analysis for the
three AUDIT scoring methods using 30-day binge drinking as an out-
come in separation regresion analyses. A direct comparison of regres-
sion coefficients was not possible because cutoff scores, sum scores, and
MNLFA scores were differently scaled. To get around this problem, we
rescaled the coefficients in the following way. We first calculated the
mean sum score and the mean MNLFA score for individuals with
cutoff=0 and the mean sum score and mean MNLFA score for in-
dividuals with cutoff=1. We took the difference of the mean sum score
above and below the cutoff threshold and did the same thing for

Fig. 1. MNLFA scores (top) and sum scores (bottom) plotted by study.
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MNLFA scores. Finally, we multiplied the regression coefficients by
these difference values to obtain effect size estimates that are on a
comparable scale. For sum scores, this was the difference between a
sum score of 4.92 (for those above the cutoff) and a sum score of 1.48

(for those below the cutoff). For MNLFA scores, this was the difference
between an MNLFA score of 0.97 and an MNLFA score of -.25. We
found an average equivalent effect of 3.33 for sum scores and of 6.10
for MNLFA scores (as compared to 3.86 for cutoff scores). Thus, the

Fig. 2. Comparison of MNLFA, sum scores, and AUDIT cut-off
scores.
NOTE: The diagonal is the univariate distribution for each type of
AUDIT score (cutoff_scores= traditional threshold scoring ap-
proach; MNLFA_scores=moderated nonlinear factor analysis
method for integrative data analysis; sum_scores= a count of
symptoms endorsed). The lower diagonal depicts bivariate asso-
ciations among scores, along with a loess curve to indicate the
bivariate density of observations. The upper diagonal provides
correlations among the scores.

Fig. 3. Distribution of sum scores (left) and MNLFA scores (right) for those who do and do not meet AUDIT cut-score threshold.
NOTE: cutoff_scores= traditional threshold scoring approach; MNLFA_scores=moderated nonlinear factor analysis method for integrative data analysis; sum_-
scores= a count of syptoms endorsed.

A.M. Hussong et al. Drug and Alcohol Dependence 194 (2019) 59–68

65



effect for MNLFA scores was nearly double that of cut-off and average
scores.

4. Discussion

In the current study, we demonstrate that MNLFA is a feasible ap-
proach to analytic harmonization for large data pooling projects such as
that comprised of the eight sites from the 11 STTR CJ samples. Unlike
cut-off and sum scores, MNLFA scores allow differences in measure
performance across studies to be accounted for when creating scores.
Although some applications of MNLFA also allow scoring to consider
differences in other individual and study characteristics, model com-
plexity and large study differences did not permit us to take advantage
of this feature. Advances are needed in using MNLFA in more complex
data pooling contexts to address this challenge in the future.

Although the three scores were notably correlated, they showed
important differences in their distributional properties. As compared to
cut-off and sum scores, MNLFA scores captured more individual var-
iation in drinking severity and addressed problems with floor effects in
AUDIT sum scores. Although MNLFA and sum score were highly cor-
related, there were differences in score distributions such that MNLFA
scores had greater variability and less missing data than sum scores.
MNLFA scores also captured greater sub-threshold differences in
drinking severity that fell below the AUDIT cut-score as compared to
sum scores.

Comparisons of measurement performance across these STTR CJ
studies suggest that the AUDIT as a measure of drinking severity was
highly robust. Still, MNLFA results did find evidence of modest study
differences, with some studies having higher rates of drinking severity

(i.e., impact) and higher rates of endorsing individual items (despite
equated overall drinking severity rates, i.e., intercepts). These are likely
in part due to differences in timeframes assessed across the studies.
There were no differences in how items related to drinking severity
(i.e., loadings or differential item functioning) across studies.
Nonetheless, prior work shows that failure to include study differences
in impact and intercepts can lead to biased scores (Curran et al., 2016).

Results of our predictive analysis are consistent with this possibility.
The association between MNLFA scores and an indicator of past 30 days
binge drinking was notably stronger than those between cut-off and
sum scores with this indicator. In addition, truncated variation in cut-
off scores, but not sum or MNLFA scores, led to problems evaluating
study differences in the prediction of binge drinking. Study differences
in AUDIT scores associated with binge drinking were detected in ana-
lyses using sum and MNLFA scores but not in those using cut-off scores.
More main effect study differences, however, were evident in cut-off
score analyses than sum and MNLFA score analyses. These results
suggest that greater meaningful individual variation captured in
MNLFA scores (versus cut-off and sum scores) resulted in stronger as-
sociations with binge drinking and (when compared to cut-off scores)
detection of study differences in AUDIT-binge drinking associations.

In sum, results of the current study indicate that analytic harmo-
nization methods like MNLFA outperform these other traditional
scoring methods and caution against pooling data without attention to
measurement differences. Limitations of the current study, however,
include the inability to include covariates in the MNLFA scoring ana-
lyses due to model and data complexity and, unlike computer simula-
tion studies, the lack of a “true score” model (to indicate which of these
findings are best capturing known associations in the data).
Nonetheless, computer simulation studies suggest that MNLFA scores
contain less bias than sum scores (Curran et al., 2016). Cut-off scores
also included drinking frequency and quantity (following established
guidelines) though MNLFA and traditional CFA scores did not. Thus, as
the STTR collaboration recognizes the need to consider multiple ap-
proaches to data harmonization within the rapidly developing field (see
Chandler et al., 2017 for a discussion of item response theory co-cali-
bration), we suggest that MNLFA may be a useful tool in conducting
analytic harmonization analysis in future data pooling efforts.
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Table 4
Multiple Regression Results Testing Predictive Validity of Three AUDIT Scoring
Methods: Any 30 day binge drinking.

Cutoff Sum Score MNLFA Score
Logistic
Regression
Results
B (SE)

Ordinary Least
Squares Regression
Results
B (SE)

Ordinary Least
Squares Regression
Results
B (SE)

Intercept −1.41 (.15) −1.95 (.18) −.79 (.22)
Female −.90 (.07) −.27 (.06) −.17 (.08)
Black −.45 (.14) −.50 (.18) −.44 (.22)
Hispanic −.22 (.16) −.25 (.20) −.20 (.25)
White −.25 (.15) −.33 (.18) −.03 (.23)
CARE 1.02 (.12) 1.32 (.16) .73 (.16)
New Hope −.49 (.25) −.23 (.42) −.57 (.32)
STT .91 (.09) .05 (.18) .74 (.19)
Start Together .99 (.15) −.20 (.36) −.01 (.41)
Stride .07 (.23) −.26 (.38) −.27 (.42)
Success 1.07 (.29) −.15 (.69) .39 (.64)
Vista .63 (.18) −1.18 (2.42) −1.55 (.43)
AUDIT Score 3.86 (.29) .97 (.04) 4.98 (.26)
AUDIT Score x

CARE
−.41 (.44) −.58 (.06) −3.40 (.29)

AUDIT Score x
New Hope

−.71 (1.01) −.47 (.11) −3.40 (.42)

AUDIT Score x STT .43 (.59) .77 (.14) 1.02 (.58)
AUDIT Score x

Start Together
– .96 (.33) 1.72 (1.30)

AUDIT Score x
Stride

1.43 (1.09) .28 (.21) −.10 (.90)

AUDIT Score x
Success

– .59 (.45) .75 (1.87)

AUDIT Score x
Vista

– .75 (.83) 2.83 (1.01)

Note. The BRIGHT study site was used as the comparison group in analyses
because it had the largest sample size. Estimates for cells with dashes could not
be obtained due to empirical underidentification. Bold parameters are sig-
nificant at p < .05 but given that scores are on different metrics, values from
the different regressions are not directly comparable. All effects are reported
controlly for other reported variables in the model.
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Appendix A. The Alcohol Use Disorders and Identification Test

Introduction: “Now I am going to ask you some questions about your use of alcoholic beverages during this past year."
1. How often do you have a drink containing alcohol?
(0) Never (1) Monthly or less (2) Two to four times a month (3) Two to three times a week (4) Four or more times a week

2. How many drinks containing alcohol do you have on a typical day when you are drinking?
(0) 1 or 2 (1) 3 or 4 (2) 5 or 6 (3) 7 or 9 (4) 10 or more

3. How often do you have six or more drinks on one occasion?
(0) Never (1) Less than monthly (2) Monthly (3) Weekly (4) Daily or almost daily

4. How often during the last year have you found that you were not able to stop drinking once you had started?
(0) Never (1) Less than monthly (2) Monthly (3) Weekly (4) Daily or almost daily

5. How often during the last year have you failed to do what was normally expected from you because of drinking?
(0) Never (1) Less than monthly (2) Monthly (3) Weekly (4) Daily or almost daily

6. How often during the last year have you needed a first drink in the morning to get yourself going after a heavy drinking session?
(0) Never (1) Less than monthly (2) Monthly (3) Weekly (4) Daily or almost daily

7. How often during the last year have you had a feeling of guilt or remorse after drinking?
(0) Never (1) Less than monthly (2) Monthly (3) Weekly (4) Daily or almost daily

8. How often during the last year have you been unable to remember what happened the night before because you had been drinking?
(0) Never (1) Less than monthly (2) Monthly (3) Weekly (4) Daily or almost daily

9. Have you or someone else been injured as a result of your drinking?
(0) No (2) Yes, but not in the last year (4) Yes, during the last year

10. Has a relative, friend, doctor, or other health worker been concerned about your drinking or suggested that you should cut down?
(0) No (2) Yes, but not in the last year (4) Yes, during the last year
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