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Abstract

Mental disorders are complex, multifaceted phenomena that are associated with profound 

heterogeneity and comorbidity. Despite the heterogeneity of mental disorder, most are generally 

considered unitary dimensions. We argue that certain measurement practices, especially using 

too few indicators per construct, preclude the detection of meaningful multidimensionality. We 

demonstrate the implications of crude measurement for detecting construct multidimensionality 

with alcohol use disorder (AUD). To do so, we used a large sample of college heavy drinkers 

(N=909) for whom AUD symptomology was thoroughly assessed (87 items) and a blend 

of confirmatory factor analysis, exploratory factor analysis, and hierarchical clustering. A 

unidimensional AUD model with one item per symptom criterion fit the data well, whereas a 

unidimensional model with all items fit the data poorly. Starting with an 11-item AUD model, 

model fit decreased and the variability in factor loadings increased as additional items were 

added to the model. Additionally, multidimensional models outperformed unidimensional ones 

in terms of variance explained in theoretically-relevant external criteria. All told, we converged 

on a hierarchically-organized model of AUD with three broad, transcriterial dimensions that 

reflected Tolerance, Withdrawal, and Loss of Control. In addition to introducing a hierarchical 

model of AUD, we propose that thorough assessment of psychological constructs paired with 

serious consideration of alternative, multidimensional structures can move past the deadlock of 

their unidimensional representations.

General Scientific Summary

We show how crude measurement can essentially determine the inferences we draw about the 

dimensionality of diagnostic constructs. We use alcohol use disorder as an example of this general 
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argument because it is a heterogeneous construct that is assumed to reflect a unitary dimension. 

With thorough assessment, we propose a hierarchically-organized, multidimensional account of 

alcohol use disorder.
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alcohol use disorder

Mental disorders are often described as unitary dimensions despite the fact that they contain 

diverse criteria that manifest profoundly heterogeneously. These conclusions often occur 

as researchers attempt to validate diagnostic criteria sets and observe that a single factor 

solution with a single item per criterion fits the data well. In turn, researchers conclude 

that the theoretical construct per se is unidimensional in nature, with little consideration of 

measurement practices that essentially guarantee such observed unidimensionality. Often, 

the role of measurement is underappreciated in these undertakings. In this paper, we 

demonstrate how crude measurement of our favored constructs can preclude the detection 

of their multidimensionality, and how mistakenly treating a multidimensional construct as 

unidimensional can obscure insights into a construct’s causes, correlates, sequelae, and 

potential intervention targets.

We use alcohol use disorder (AUD) as a demonstration because it is a construct that 

exemplifies the tension between crude measurement and observed unidimensionality (Hasin 

et al., 2013). Along the way, we bring to bear data from a large sample of heavy drinkers 

(N=909) for whom AUD was assessed thoroughly (87 items) and use a combination of 

confirmatory factor analysis, exploratory factor analysis, and hierarchical clustering. We 

suspected that AUD might best be represented multidimensionally, as a set of distinct 

dimensions that are potentially sufficiently correlated to have a meaningful higher-order 

factor.

AUD and its Heterogeneity

Drinking that becomes severe and impairing is broadly defined as AUD. Currently, DSM-5 

requires endorsement of 2 of 11 symptoms (Table 1) to meet criteria for AUD, meaning that 

there are over 2,000 possible combinations of symptoms and 55 possible combinations of 

two DSM-5 AUD symptoms alone that are sufficient for a diagnosis (Lane & Sher, 2015). 

It is therefore likely not surprising that AUD is associated with profound heterogeneity, 

inasmuch as those diagnosed with AUD vary dramatically in terms of symptom presentation 

and patterns of consumption, alcohol-related consequences, age of onset, profiles of 

comorbid psychopathology, family history of alcohol problems, reasons for drinking, and 

so on (Litten et al., 2015). Thus, an AUD diagnosis in isolation generally affords clinicians 

little information regarding its treatment and prognosis, severity, course and outcomes, and 

etiology.

Current consensus promotes a unitary conceptualization of AUD. That is, AUD diagnostic 

criteria are assumed to indicate a single, coherent latent dimension. A number of variable­
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centered (i.e., factor analytic) studies found that AUD symptoms load highly onto a 

well-fitting single factor (see Hasin et al., 2013, for review). Those using person-centered 

approaches (e.g., cluster analysis, latent class analysis) tend to find that separate latent 

classes underlying AUD reflect different levels of severity as opposed to distinct subgroups 

of individuals who differ in terms of the types of AUD symptoms they experience (Lynskey 

et al., 2005).

Nevertheless, the decision to conceptualize AUD as unidimensional has received its fair 

share of criticisms (e.g., MacCoun, 2013; Wakefield, 2015). First, compared with DSM­

IV, which included separate alcohol abuse and dependence diagnoses, DSM-5 AUD does 

not result in improved predictive validity of important external criteria (e.g., frequent 

heavy drinking, number of symptoms, treatment use; Wakefield & Schmitz, 2015). 

Second, the DSM has conventionally taken a “theory-free” approach, often ignoring 

etiology as an important component of a disorder in favor of prioritizing clinical 

presentation, reliability, and common language (Miller & Rockstroh, 2013). Because of 

this, unidimensional conceptualizations generally do not accommodate competing etiologic 

mechanisms described in modern models of addiction, such as the Alcohol Addiction 

Research Domain Criteria (AARDoC; Litten et al., 2015). More generally, unidimensional 

conceptualizations are not consistent with the way DSM-5 or other popular models organize 

substance use disorder symptoms. DSM-5 describes AUD as consisting of four components, 

impaired control, social impairment, risky use, and pharmacological criteria (APA, 2013; pp. 

483-484), and AARDoC focuses on three functional domains, executive function, incentive 

salience, and negative emotionality. It is unclear how AUD can be both unidimensional and 

have distinct components. Thus, a tacit implication of these organizational frameworks is 

that there are homogeneous subgroupings of AUD features.

Several practices likely either contribute to observed unidimensionality within AUD, or, 

put another way, preclude the detection of its multidimensionality. First, researchers tend 

to use single indicators for each AUD symptom, typically diagnostic criteria. Statistically 

speaking, one cannot extract a factor without a sufficient number of indicators to identify 

it. To identify a factor in a confirmatory factor analytic (CFA) framework, a factor requires 

at least three indicators, ideally four or more (Bollen & Lennox, 1991). Additionally, if 

we theorize that certain complex constructs (e.g., tolerance, withdrawal) are distinct from 

other aspects of AUD but we model them with a single item, it is nearly impossible to 

detect separate factors for them. Complicating matters more, a number of diverse symptoms 

or behaviors can be collapsed or lumped into a single indicator, and such aggregation 

can result in important loss of information. When modeling depression, many researchers 

collapse increased or decreased appetite (or sleep) into a single indicator reflecting change 

in appetite, but these two manifestations of appetite change are likely to have different 

causes. In short, using single indicators per criterion makes it much more difficult to 

detect multidimensional solutions and results in an overly simplistic conceptualization of 

the construct. Second, one can observe unidimensionality within an item set even if the 

underlying structure is multidimensional (Vanderweele & Batty, 2020). Third, a number of 

conceptually non-equivalent but equally well-fitting models can be observed in the same 

data (Tomarken & Waller, 2003), so we cannot draw firm conclusions regarding construct 
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unidimensionality without thorough assessment and before systematically testing alternative 

models. This task was not explicitly undertaken by DSM-5 (Wakefield, 2015).

There is limited evidence of AUD’s multidimensionality. In a factor analysis of 21 DSM­

III-R alcohol abuse and dependence criteria, Muthén and colleagues (1993) identified 

separable factors reflecting Tolerance, Withdrawal, and Impaired Control. These factors 

appear remarkably similar to those reported by Kendler and colleagues (2012), who found 

that alcohol dependence was undergirded by three genetic factors reflecting Tolerance 

and Excess Consumption, Withdrawal and Continued Use, and Loss of Control/Social 

Dysfunction. Kendler and colleagues’ (2012) factors displayed divergent associations with 

external criteria. Tolerance/Excess Consumption was a relatively weak marker of alcohol 

dependence and other psychopathology (e.g., conduct disorder, cannabis dependence, 

depression). In contrast, Withdrawal and Continued Use and Loss of Control/Social 

Dysfunction factors were relatively poor markers of alcohol consumption and strong 

markers of pathology (e.g., treatment seeking, number of alcohol dependence episodes), 

with the latter associations being most pronounced for Loss of Control/Social Dysfunction. 

These findings strongly suggest that there are important sources of multidimensionality 

within AUD that appear to have distinct etiologies and distinguishable relations with 

external criteria.

Admittedly, we view multidimensional conceptualizations of AUD as especially alluring 

because they have the potential to: delineate critical sources of heterogeneity within 

psychiatric diagnoses, refine our ability to construct meaningful symptom profiles, predict 

course and related outcomes, create evidence-based triage protocols, and develop more 

personalized treatments. The latter possibility is based on the proposition that the 

mechanisms underlying different types of symptom profiles directly implicate different 

targeted treatments (Kendler et al., 2012; Kwako et al., 2016). The first steps towards 

parsing heterogeneity in psychiatric conditions requires the adoption of procedures to detect 

multidimensionality, should it exist.

Present Study

We used a dataset of college drinkers who completed a large item set of AUD indicators 

(87 items) and substance use-relevant external criteria for two important reasons. First, 

college drinkers have among the highest rates of AUD (Grant et al., 2015), are in a critical 

developmental period for AUD onset (Kessler et al., 2005), and may progress to dependence 

more rapidly than adults (Martin et al., 1995). Thus, college heavy drinkers represent an 

important population to consider in the context of examining the latent structure of AUD. 

Studying college heavy drinkers effectively oversamples for tolerance (and bingeing), which 

is relatively less common in the general population.

Second, these data were collected with the aim of grading indicators of AUD symptoms 

along severity continua to provide more adequate coverage of the full breadth of latent 

criterion dimensions. Lane and colleagues (2016) showed in a recent meta-analysis of 

AUD assessments that within-symptom severities differed dramatically depending on the 

assessment. So, a withdrawal indicator can probe low-to-middling AUD severity on one 
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instrument and high severity on another. Thus, Boness and colleagues (2019) included 

multiple indicators per symptom criterion so as not to confound severity with specific 

criteria. Ultimately, they derived an abbreviated, 33-item unidimensional assessment of 

AUD per se for clinical settings. We extend this work by focusing on the complete 87-item 

set to detect multidimensionality within AUD.

Aims

This study is organized into two broad aims. First, we examined the influence of crude 

measurement on observed unidimensionality of single, latent AUD factor by systematically 

adding items to a model that began with 11 indicators, one per criterion. Second, we 

examined alternatives to the unidimensional AUD structure by means of a thorough 

combination of confirmatory and exploratory factor analysis and hierarchical clustering. To 

start, we tested three confirmatory models put forth in the literature (Table 1). Anticipating 

complex, alternative structures, we ended with exploratory factor analysis and agglomerative 

hierarchical clustering. We anticipated a hierarchical solution given that psychopathology – 

and many other psychological constructs – is increasingly described as such (Kotov et al., 

2017).

To determine the incremental utility of a multidimensional AUD structure above and beyond 

a unidimensional one, we compared the performance of our candidate alternative structures 

with that of two 1-factor conceptualizations of AUD, one with 11 items (1 per criterion) 

and one with 87 (all AUD items), in terms of variance explained in theoretically-relevant 

external criteria (i.e., alcohol and cannabis consumption, alcohol-related consequences, 

overall functioning/health). We also examined the candidate structure’s relations with those 

same external criteria to consider convergent and discriminant validity among its factors.

Method

Participants and Procedure

We recruited 909 undergraduates (Mage=18.64) enrolled in introduction to psychology 

courses at the University of Missouri. Participants completed the entire survey battery online 

and course credit was awarded upon completion. Methods and procedures were approved 

by the University of Missouri’s Institutional Review Board (IRB #1203637). The majority 

of participants were female (56%) and White (91%; Table S1 includes all demographics). 

Although participants were simply required to have consumed alcohol on at least 12 separate 

occasions in the past year, they reported heavy past year drinking with an average of 1.25 

weekly drinking days and 4.86 drinks per occasion.

Measures

AUD Symptom Assessment—Boness and colleagues (2019) derived and/or adapted 

87 AUD symptom indicators for the 11 DSM-5 criteria from 9 well-validated diagnostic 

interviews and self-report scales (Table 1 includes the number of items per criterion and 

Table S2 contains descriptive statistics). Items were rated on a five-point Likert scale (0 = 

Never/Not in the Past 12 Months, 4 = Yes, 4+ Times). We assessed past-year occurrences 

given concerns with lifetime report reliability (Haeny et al., 2014).
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Theoretically-relevant External Criteria—Participants reported on age of first drinking 

experience, age of first heavy drinking experience, consumption, hangover, blackout, self- 

and other-identified problem use, treatment use, legal problems, cannabis use frequency, and 

three composites of functioning: general health, mental health, and physical functioning. To 

maintain consistency with AUD assessment, participants reported past year occurrences (see 

Table S3 for descriptive statistics and the Method Supplement for a thorough description of 

each measure). Details of these measures and their descriptive statistics can be found in the 

Supplemental Material.

Data Analysis

All data, code, and Supplemental Materials are available on OSF (https://osf.io/2vn58/).

Factor Analyses—We conducted factor analyses using Mplus version 7.2 (Muthén & 

Muthén, 2014) and R version 3.5.1 with the psych (Revelle, 2019) package. We specified 

indicators as categorical and estimated CFAs with using WLSMV and exploratory structural 

equation models (ESEM) with target rotations. Latent factor means and variances were fixed 

at 0 and 1, respectively, as opposed to fixing the first factor loading to 1. We extracted EFAs 

with geomin rotation and used Horn’s parallel analysis (Horn, 1965) and Velicer’s MAP test 

(Velicer, 1976) to determine the number of factors in the data.

We relied on a combination of the χ2 test statistic, the Comparative Fit Index (CFI), the 

Tucker-Lewis index (TLI), and the root mean square error of approximation (RMSEA) 

to adjudicate our models given that no consensus exists regarding the use of a single fit 

index to evaluate the adequacy of model fit. We used the following model fit adequacy 

guidelines: CFI and TLI > .95 for reasonably good fit (Hu & Bentler, 1999), and RMSEA 

≤ .08 for adequate fit and ≤ .05 for close fit (MacCallum et al., 1996). We did not 

use χ2 and its associated p value as an index of absolute model fit given that it is 

overly sensitive to peripheral factors like sample size but report them in the interest of 

completeness and transparency. For exploratory solutions, we considered the model fit, 

solution interpretability, and each solution’s incremental utility over its CFA counterpart, 

given that ESEM solutions can yield preferential fit over CFA solutions due to model 

flexibility as opposed to increased validity (Hermann & Pfister, 2013).

We report coefficient omega (Ω; Revelle & Zinbarg, 2009), an index of factor reliability that 

reflects the proportion of variance in the observed total score attributable to all modeled 

sources of common variance. Given that we conduct CFA, ESEM, and EFA to test the same 

a priori structures, we report Tucker’s phi (Φ; Tucker, 1951) to examine factor similarity 

across models (e.g., CFA-ESEM). Like a correlation coefficient, Φ ranges from −1 to +1. 

For external validity analyses, factor models’ parameters were fixed to their unstandardized 

estimates prior to examining all factors’ associations with external criteria to prevent shifting 

of the structural models’ parameters as additional covariates were added to the model. All 

regression parameters were freely estimated. Age and sex were included as covariates in all 

regression models.

Hierarchical Clustering—We used hierarchical agglomerative cluster analysis, 

specifically Ward’s method,1 to map the hierarchical structure of AUD using Matlab R2020a 
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and the ‘linkage’ function. Hierarchical clustering sorts indicators into a tree structure from 

the bottom up, into mutually exclusive item clusters based on their similarity, and into 

progressively broader clusters. We transposed the original NxP dataset so that variables 

were the subject of the clustering and allowed for 2 to 16 clusters. To determine the 

number of clusters in the data, we considered consensus across three stopping rules (i.e., 

Calinski-Harabasz, Davies-Bouldin, and Silhouette) available in the ‘evalclusters’ function. 

A maximum value on the Calinski-Harabasz and Silhouette indices and a minimum on the 

Davies-Bouldin index determines the recommended number of clusters (Sharma & Batra, 

2019). To assess the fit of each solution, we considered the cophenetic correlation (Sokal 

& Rholf, 1962), which assesses how well the dendrogram induced by the hierarchical 

clustering procedure preserves the original pairwise distances between the original variables.

Results

Aim 1: Crude Measurement & Unidimensionality

We took two steps to address the influence of crude measurement on observed 

unidimensionality. First, we compared two 1-factor models of AUD in terms of fit, one with 

11 items, one per symptom criterion, and one with 87; for the 11-item model, we counted a 

symptom criterion as present if any item assessing it was endorsed. The 11-indicator model 

fit well (χ2=128; RMSEA=.046, CFI=.962, TLI=.952) but the 87-indicator model did not 

(χ2=18225; RMSEA=.066, CFI=.893, TLI=.893; Tables S4-5).

Second, we started with an 11-item model and added randomly-selected items one at a time 

to examine how unidimensionality – operationalized in terms of model fit, variability in 

standardized factor loadings, and coefficient omega – varied with the inclusion of additional 

indicators. We fixed the random selection to draw one item per criterion per 11 items 

sampled (the only caveat to this is that there were an unequal number of items per criterion, 

so the models were not equally represented by criteria at later rounds of sampling, at 45+ 

indicators). Given that items were added to the initial model in a random order, we repeated 

this procedure 500 times to minimize the influence of item ordering on our inferences. We 

began with an 11-item model composed of a random mix of low, medium, and high IRT 

item difficulties from the 33-item set reported by Boness and colleagues (2019; this resulted 

in 38501 unique models tested [77 models * 500 repetitions + 1 repetition for the 87-item 

model]; note that there were 500 initial 11-item solutions, so median fit from those models 

does not correspond directly to the earlier-described 11-item model). We plot the medians 

(and standard deviations as error ribbons) of the 500 repetitions for n-item each model (i.e., 

11 items, 12 items).

Figure 1 displays model fit, range in factor loadings, and omega of the 1-factor solution 

as a function of the number of indicators included in the model. On average, the starting 

11-item set fit the data well (median CFI=.937, TLI=.921, SRMR=.075, RMSEA=.066), 

1We considered two other hierarchical clustering procedures (complete linkage, average linkage) and compared their performances 
in terms of cross-method agreement. Cophenetic correlations were good for all three methods (rWard’s=.82, rcomplete linkage=.93, 
raverage linkage=.93). Numerous simulation studies have demonstrated the superiority of Ward’s method over others with respect 
to producing stable and interpretable clusters (Sharma & Batra, 2019) and Ward’s method performed better when conducting 
cross-validation for under a split-half design.
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but there was variability in terms of fit that depended on which items were included in the 

starting set (range: CFI=.860-.982, TLI=.825-.977, SRMR=.037-.112, RMSEA=.046-.131). 

As indicators were added to the model, model fit decreased well below good or acceptable 

fit, as deemed by decreases in CFI and TLI and increases in SRMR and RMSEA. Effects for 

certain model fit indices were not linear, however, suggesting that the model appeared more 

unidimensional at a certain point. In addition, factor loadings became more variable with 

the inclusion of more indicators. Finally, in contrast, coefficient omega increased linearly 

as items were added to the model, consistent with the Spearman-Brown prophecy (e.g., 

Spearman, 1910).

Aim 2: Alternative, Multidimensional Accounts of AUD

We began with confirmatory analyses that tested a set of a priori models2 (Table 1): 

correlated (1) DSM-IV Abuse and Dependence factors3 (Muthén, 1995); (2) Tolerance, 
Withdrawal, and Loss of Control factors (Kendler et al., 2012; Muthén et al., 1993), and 

(3) Pharmacological, Risky Use, Impaired Control, and Social/Interpersonal factors (APA, 

2013). We then tested these same models using ESEM with target rotation, whereby the 

number of factors and hypothesized (target) loadings of items onto factors were specified, 

but all possible cross-loadings of items onto factors are allowed. ESEM with target rotation 

therefore tests whether the same general a priori structures tested using CFA can be retained 

but reveals potentially important deviations from simple structure not identified with CFA. 

We then considered whether we could retain the same structures tested with CFA and ESEM 

with target rotation using a method that imposes no a priori restrictions on the data, so 

we extracted 2-, 3-, and 4-factor EFA solutions (Table S8). Finally, we ended with purely 

exploratory EFAs and used parallel analysis and the MAP test to determine the number of 

factors in the data (Figure S1 contains the scree plot and Tables S9-10 contain the factor 

loadings).

2-factor Model.—The 2-factor CFA model fit poorly (χ2=14304, df=2773; RMSEA=.068; 

CFI=.918; TLI=.915), though its ESEM counterpart fit well (χ2=9276, df=2699; 

RMSEA=.052; CFI=.953; TLI=.950). The 2-factor ESEM Abuse factor nonetheless bore 

little resemblance to its CFA counterpart (ΦAbuse=.25, ΦDependence=.84; Table S6). Similarly, 

the 2-factor EFA solution contained factors that appeared to reflect (1) Tolerance and 

Consumption and (2) Urge and Difficulty Controlling Use (Table S4). Thus, the 2-factor 

confirmatory model was not upheld in more exploratory contexts.

3-factor Model.—The 3-factor CFA fit well (χ2=10589, df=3651; RMSEA=.046; 

CFI=.949; TLI=.948). Its factors were reliable (Ωs.98-.99), well-represented by their 

indicators (median λs were .95, .87, .65 for Tolerance, Withdrawal, and Loss of Control, 

respectively), and significantly intercorrelated, with Withdrawal and Loss of Control 

2We also tested higher-order versions of the three and four correlated factors models, which included a second-order AUD factor that 
describes the shared variance among first-order factors. A higher-order model with 2 lower-order factors is not identified, so it could 
not be tested; the higher-order model with 3 lower-order factors did not converge; and fit for the model with 4 lower-order factors is 
reported in Table S4. Given that we could not report higher-order models for two of the three conceptual models of interest, we do not 
focus on higher-order models.
3Because the legal problems criterion exhibits differential item functioning with respect to sex and race (Harford et al., 2009) and was 
removed from DSM-5, we did not include it in our model with the abuse factor, or in our modeling more generally.
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being especially highly correlated (rTolerance-Withdrawal=.44; rTolerance-Loss of Control=.63; 

rWithdrawal-Loss of Control=.78). The 3-factor ESEM also fit well (χ2=9683, df=3483; 

RMSEA=.044; CFI=.955; TLI=.951) and its factors were correlated with each other 

to a lesser extent than they were in the CFA model (rTolerance-Withdrawal=.18; 

rTolerance-Loss of Control=.49; rWithdrawal-Loss of Control=.52). Convergent congruence 

between CFA and ESEM factors was generally high (ΦTolerance=.91, ΦWithdrawal=.78, 

ΦLoss of Control=.87), as was the congruence between the CFA and EFA factors 

(ΦTolerance=.71, ΦWithdrawal=.76, ΦLoss of Control=.91).

Generally, the 3-factor EFA solution contained factors that appeared to reflect Tolerance, 

Withdrawal, and Loss of Control, though there were some potentially interesting cross­

loadings. There was little evidence of cross-loadings onto the Tolerance factor (defined as 

λ≥.30), but there was far more evidence for cross-loadings of items between Withdrawal and 

Loss of Control factors. Craving and continued use items scattered across Withdrawal and 

Loss of Control factors. Finally, items reflecting giving up activities due to drinking loaded 

fairly highly (λs≈.45) onto Withdrawal.

4-factor Model.—The 4-factor CFA (χ2=12254, df=3399; RMSEA=.051; CFI=.937; 

TLI=.935) fit relatively poorly, but the 4-factor ESEM (χ2=8425, df=3648; RMSEA=.040; 

CFI=.963; TLI=.960) fit well. Generally, the theoretical model was not well-supported 

(Tables S5-6). In the ESEM, the Pharmacological factor was not well-represented by 

withdrawal indicators (median λWithdrawal=.32, λTolerance =.99), and the Social/Interpersonal 

Problems and Risky Use factors were poorly represented by their indicators (median 

λs=−.06, .36, respectively; Ωs=.08, .80). Convergent congruence between CFA and ESEM 

factors was relatively high for Pharmacological and Impaired Control factors (Φs=.77, .70), 

but quite low for Risky Use and Social/Interpersonal factors (Φs= −.01, .51). The 4-factor 

EFA solution contained factors that appeared to reflect Tolerance, Withdrawal, Loss of 
Control, and Compulsive Use. This factor solution generated Tolerance and Withdrawal 

factors that were highly similar to those from the 3-factor solution (Φs=.96, .88) and 

partitioned the Loss of Control factor into two factors (Φs=.77, .66). Although the 4-factor 

ESEM fit better than the 3-factor ESEM, this was likely due to increased flexibility in the 

model as opposed to model validity because the ESEM and EFA factors often bore limited 

resemblance to their CFA counterparts.

Other alternative solutions.—Parallel analysis suggested that there were 25 factors 

in the data and the MAP test suggested 12. Both of these EFA solutions yielded symptom­

specific factors (e.g., tolerance) that were moderately correlated with certain other symptom­

specific (e.g., larger/longer, time spent) and relatively uncorrelated with others (e.g., 

craving), indicating the presence of multiple higher-order factors in AUD. Other times, 

these solutions yielded both broad and narrow factors of the same symptom (e.g., tolerance), 

suggesting a hierarchical organization within the item set. Thus, we next used hierarchical 

agglomerative clustering.

The Calinski-Harabasz and Silhouette stopping rules supported a 2-cluster solution whereas 

the Davies-Bouldin stopping rule supported a 3-cluster solution.4 We elected to move 

forward with a 2-cluster solution because the majority of stopping rules indicated a 
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preference for it, seminal work argues that the Calinski-Harabasz is the preferred method for 

choosing the number of clusters (Milligan & Cooper, 1985), and the Calinski-Harabasz has 

a functional form for minimizing the within-cluster variances that is consistent with Ward’s 

method. This solution produced a good cophenetic correlation (r=.82), which indicates a 

strong hierarchical structure. Taken together, stopping rules indicate that there may be at 

least two distinct clusters of AUD indicators within the data (see Hubert & Steinley [2005], 

for a method to formally compare hierarchical clustering and unidimensional structures): 

The variance accounted for by the unidimensional structure was close to 0% (.0017), 

whereas the variance accounted for the by the hierarchical structure was 67% (the squared 

cophenetic correlation, .82^2 = .67).

Because hierarchical agglomerative clustering can produce illusory clusters, especially for 

subclusters composed of a small number of indicators (Pavan & Pelillo, 2003), we focused 

on clusters that were composed of at least 4 items and appeared substantive as opposed 

to methodological (Figure 2, see Figure S2 for the full dendrogram). By methodological, 

we mean that several clusters split into subclusters based on item severity (e.g., low, high; 

Boness et al., 2019). Pruning cluster trees can lead to more stable and interpretable solutions 

(Kpotufe & Von Luxburg, 2011).

Atop the hierarchy were Urge and Difficulty Controlling Use (A1) and Tolerance and 
Consumption (A2). Urge and Difficulty Controlling Use (A1) split into Withdrawal and 
Craving (B1) and Loss of Control (B2). Withdrawal and Craving (B1) split into Withdrawal 
(C1) and Preoccupation (C2). Loss of Control (B2) split into Risky and Impulsive Use (C3) 

and Compulsive Use (C4), the latter of which split into Desire to Control Use (D1) and 

Unintentional Intoxication (D2). Tolerance and Consumption (A2) split into Tolerance (B3) 

and Consumption and Recovery from It (B4). Consumption and Recovery From It (B4) 

further split into Consumption (C7) and Time Spent Obtaining, Using, and Recovering from 
Alcohol (C8), and Consumption (C7) further split into Exceeds Personal Limits (D3) and 

Low Severity Craving (D4).

Summary.: Of the alternative models tested, only the correlated Tolerance, Withdrawal, 

and Loss of Control model fit well and was upheld in confirmatory, semi-confirmatory, 

and exploratory contexts. The EFAs and hierarchical clustering revealed a complex, 

hierarchically-organized structure, with broad dimensions spanning multiple criteria. In 

the hierarchical clustering, independent clusters emerged for: (1) Tolerance and Excess 

Consumption and (2) Urge and Difficulty Controlling Use, which bifurcated into Withdrawal 

and Loss of Control. Withdrawal and Loss of Control appear intertwined at a superordinate 

level of the hierarchy.

Aim 3: External Validity of Alternative AUD Structures

Incremental Validity—To determine the utility of multidimensional structures of AUD, 

we compared the amount of explained variance in theoretically-relevant external criteria for 

each of our multidimensional solutions (3-factor CFA and ESEM, 2-cluster) with two latent 

4The 3-cluster solution broke the Tolerance/Excess Consumption cluster from the 2-cluster solution into Tolerance and Excess 
Consumption (see Supplemental Materials).
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1-factor solutions, with 11 and 87 items respectively. The 3-factor CFA and ESEM solutions 

tended to outperform both the 1-factor models in terms of variance explained in external 

criteria, though this was not always the case (Figure S3). The 2-cluster solution tended to 

outperform the 3-factor CFA and ESEM solutions, as well. On average, the 3-factor CFA 

and ESEM solutions explained ≈15-16% of the variance in external criteria, the 2-cluster 

solution explained 21%, and the 1-factor CFAs with 11 and 87 items explained ≈12 and 

14%, respectively. The absolute differences in explained variance correspond to a relative 

increment of 1.1 and 1.4 times the amount of explained by the 11- and 87-item 1-factor 

CFAs by the 3-factor CFA and ESEM solutions, and 1.8 and 1.5 times for the 2-cluster 

solution.

Differential Validity of AUD Factors—We present only on the 3-factor CFA solution’s 

external validity to prevent overinterpreting findings from the exploratory models (Figure 

3; see Table S10 for ESEM and clustering results). External validity includes regressions 

in which each external criterion was regressed onto each AUD CFA factor in isolation 

(zero-order associations) and onto all factors simultaneously (partial associations).

On balance, when entered into the model in isolation, AUD factors did not relate 

differentially with external criteria, although the Tolerance factor was more strongly 

associated with consumption, blackout, other-identified problem use, and treatment use 

than were Withdrawal and Loss of Control. In contrast, when AUD factors were entered 

into the model simultaneously, they more often than not displayed diverging relations with 

external criteria. Loss of Control tended to emerge as the strongest correlate of age of first 

drink, consumption, hangover, blackout, cannabis use frequency, sexual consequences, legal 

problems, and poor general health. Tolerance was most strongly positively associated with 

consumption and blackout, albeit to a lesser extent than Loss of Control, decreased legal 

problems, and increased physical functioning. Withdrawal was most strongly associated with 

later age of first drunk and first time being drunk, and hangover, whereas it was negatively 

associated with consumption, blackout, and cannabis use frequency.

Discussion

With thorough AUD assessment and a systematic set of tests of alternative structural 

models using confirmatory and exploratory analysis, we converged on a multidimensional, 

hierarchically-organized structure of AUD composed of three broad, transcriterial 

dimensions or facets. By all accounts, a unidimensional account of AUD was not supported 

in factor or cluster analyses. Factor analyses indicated that a unidimensional structure 

fit the data poorly in both an absolute and relative sense, and hierarchical clustering 

further indicated that there may be at least two mutually exclusive clusters of items 

at the top of the hierarchy. We also showed that researchers can artificially create 

unidimensional models of constructs by choosing to include few items in their models. 

As symptom criteria are modeled with more than one indicator, our models may become 

more multidimensional. Indeed, a multidimensional, three-factor solution fit well, and 

outperformed the unidimensional solution in terms of variance explained in external criteria. 

In our view, there was clear multidimensionality within the data.
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Alternative Structures of AUD

What is slightly less clear is what accounts for the meaningful sources of 

multidimensionality within AUD. We can say with relative confidence that the two-factor 

Abuse and Dependence model was not at all supported by the data: the confirmatory model 

fit poorly and yielded highly correlated Abuse and Dependence factors, neither of which 

were evidenced in exploratory endeavors. These findings are consistent with considerable 

research. Although DSM-IV distinguished between Abuse and Dependence, they were 

merged in DSM-5 because they are highly correlated and are not differentiable in terms 

of severity (Proudfoot et al., 2006).

Also, DSM-5’s conceptual organization of substance use disorder criteria into four 

groupings – Pharmacological, Impaired Control, Risky Use, Social/Interpersonal – was 

not supported. Factors from the four-factor CFA and ESEM did not resemble each other. 

Withdrawal and Tolerance did not cohere into a single factor in any solution, and neither 

Impaired Control nor Risky Use factors were retained in any exploratory solution. Based on 

these data, DSM-5’s groupings appear more conceptual than empirical.

Our candidate alternative structure of AUD contained three factors: Tolerance and Excess 

Consumption, Withdrawal, and Loss of Control. Kendler and colleagues (2012) first 

identified this structure for alcohol dependence, and we attempted to conceptually extend 

it to DSM-5 AUD. Kendler and colleagues’ model was generally corroborated, although our 

findings highlighted the intertwined nature of withdrawal and loss of control. Withdrawal 

and Loss of Control factors shared items that loaded onto both, remained highly correlated 

after allowing item cross-loadings, and formed a superordinate cluster in the hierarchical 

clustering that appeared to reflect Urge and Difficulty Controlling Use. Note, however, that 

Withdrawal and Loss of Control were distinct in the penultimate level of the hierarchy. 

Popular models of alcohol addiction (Koob & Le Moal, 2001) describe the important 

interplay between withdrawal and loss of control, although it is difficult to characterize 

the precise nature of their relationship without longitudinal data. The differentiation of 

Tolerance, Withdrawal, and Loss of Control factors across stages of the disease process 

remains high priority for our future work.

Limitations and Future Directions

What we present here is necessarily preliminary. A notable limitation of this work includes 

the fact that our sample comprised college heavy drinkers, which potentially limits its 

generalizability to other samples with longer-established drinking histories and in terms of 

demographics. In particular, the current sample has limited racial, ethnic, and geographic 

diversity given that the majority of participants were White Midwesterners. Using a 

relatively homogenous population prioritizes examination of internal validity at the potential 

expense of external validity. As we mentioned earlier, a strength of our data is that we 

effectively oversampled for tolerance and binge drinking, which is relatively less common 

in the general population. It seems likely that we sampled many transient drinkers who 

exhibit high degrees of certain symptoms (tolerance) but are not necessarily at long-term risk 

for alcohol addiction (Wakefield & Schmitz, 2015). We view this as a strong starting, but 

not ending, point for future work that will examine the structure of AUD in more diverse 
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samples. Because of this, we view undergraduates as a useful starting, but not ending, 

place for examining the latent structure of AUD. We look forward to related follow-up 

research that uses a range of samples, from undergraduate to community to high-risk. In 

what follows, we focus on ways that using a college heavy drinking sample may result in a 

slightly different structure of AUD than would other samples (e.g., community, clinical).

Many conclude that undergraduate samples are not informative of the general population, 

but this issue is more complicated with respect to alcohol consumption. College drinkers 

have considerable experience with alcohol, have among the highest rates of AUD (Grant et 

al., 2015), are at increased risk for AUD onset at this age (Kessler et al., 2005), and are 

more likely to experience serious drinking consequences than their peers who do not attend 

college (Slutske, 2005). Indeed, we sampled fairly heavy drinkers who reported bingeing on 

a weekly basis (see Table S1).

Also, Caetano and Babor (2006) have argued that rates of alcohol dependence may be 

inflated in adolescents and young adults because they misattribute tolerance and withdrawal 

to acute effects of excessive consumption. Although this is certainly a possibility, we 

developed our assessment to avoid these types of misattribution (Boness et al., 2019). Along 

these lines, although some view hangover and withdrawal as distinct but conflated in self­

reports (Karriker-Jaffe et al., 2015), they are also likely physiologically related processes 

(Prat et al., 2009). Further, Kendler and colleagues (2012) found that excess consumption 

and tolerance loaded onto the same genetic factor among adults, suggesting that they covary 

meaningfully in college and community drinkers, so this covariation cannot be explained 

alone by sample type.

We also look forward to follow-up research that examines other correlates, including 

personality and a broader swath of psychopathology. Based on the generality of the 

correlates we examined, we might not expect to find considerably divergent associations 

with external criteria among tolerance, withdrawal, and loss of control. We saw some 

evidence of differential validity among these factors, but only when the factors’ shared 

variance was controlled.

Net of Tolerance and Loss of Control, Withdrawal was negatively associated with early 

alcohol initiation, blackout, and cannabis use frequency. Net of Tolerance and Withdrawal, 

Loss of Control was the strongest positive marker of earlier alcohol initiation and excess 

drinking, alcohol consumption, blackout, cannabis use frequency, and legal problems. Loss 

of Control’s hint that it is most closely aligned with externalizing liability. We expect those 

with marked externalizing tendencies and related psychopathology to initiate alcohol and 

other substance use earlier, use most consistently across the lifespan, and experience more 

legal problems and other consequences from drinking (Tully & Iacono, 2016; Watts et al., in 

press). Based on theory and existing research, we expect that loss of control would bear the 

most robust associations with impulsivity and externalizing psychopathology (Kwako et al., 

2019), withdrawal with negative emotionality and internalizing (Koob & Volkow, 2010), and 

tolerance with extraversion, novelty seeking, and the like (Park et al., 2009).
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A Note on the Importance of Exploratory Modeling

Given that current consensus promotes a unidimensional model of AUD, we approached 

our study with the spirit of establishing “dual phenomenology,” using varied technologies to 

identify the same structures to minimize the likelihood of spurious findings. To avoid false 

alarms generated by confirmatory analysis, we considered replication in AUD’s structure 

across multiple exploratory methods. To avoid false alarms generated by any single type of 

analysis, we considered replication in AUD’s structure across diverse methods, in this case 

factor and cluster analysis. This approach allowed for numerous alternative latent structures 

of AUD.

The joint use of confirmatory and exploratory analysis was critical to these efforts. We 

supplemented confirmatory modeling with exploratory modeling to put our confirmatory 

models to even stronger (riskier) tests. In so doing, we discovered that some confirmatory 

models produced solutions that generally resembled their hypothesized structures, but their 

structures could not be retained in a semi-confirmatory (ESEM with target rotation) or 

exploratory context (EFA), nor were their factors identified at any level of the hierarchical 

model. Such an observation highlights that one can generate hypothesized structure with 

some coercion, even when the data do not necessarily conform to such a structure on their 

own. In this way, our exploratory analysis provided a scientific foil to our theory-driven 

efforts.

Moving Towards a Hierarchical, Multidimensional Conceptualization of AUD

The notion that AUD manifests dramatically differently across individuals is a virtual 

truism (Litten et al., 2005). Empirical investigations nonetheless support the traditional 

conceptualization of AUD as a homogenous, unidimensional construct (Hasin et al., 2013; 

cf. MacCoun, 2013). These countervailing conclusions – heterogeneity in presentation but 

homogeneity in construct – present somewhat of a paradox. This work was motivated by the 

opinion that heterogeneity in AUD requires closer examination.

To our knowledge, this was one of the first comprehensive examinations of the latent 

structure of AUD with thorough assessment and analysis (c.f., Krueger et al., 2004; 

Muthén et al., 1993). This work culminated in a hierarchically-organized, multidimensional 

model of AUD that describes it in terms of both narrow dimensions (or facets) that 

correspond with symptoms and increasingly broad, transcriterial dimensions that describe 

covariation in subsets of AUD symptoms and indicators. In broad brush, our findings 

challenge unidimensional conceptualizations of AUD. We advance three relatively novel 

higher-order dimensions of AUD – Tolerance/Excess Consumption, Withdrawal, and Loss of 

Control – that require replication in other samples. Tolerance/Excess Consumption appeared 

relatively distinct from other components of AUD, whereas Withdrawal and Loss of Control 

dimensions appear more closely entangled at uppermost levels of the hierarchy.

What is most clear from the present study is that tolerance appears relatively distinct from 

withdrawal. We observed this in the tests of the two- and three-factor models and in the 

hierarchical clustering. That tolerance and withdrawal did not form a single dimension 

reflecting neuroadaptation to alcohol consumption is not all that surprising, despite the fact 
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that they are grouped together as pharmacological AUD criteria in DSM-5 and ICD-11. 

First, other factor analyses find that tolerance separates from other AUD criteria (Grant 

et al., 2007; Muthén et al., 1993), so much so that others have dropped tolerance from 

their models of AUD due to poor fit (Langenbucher et al., 2004). Second, tolerance and 

withdrawal are genetically distinct in rodents (Crabbe et al., 2011) and, more preliminarily, 

in humans (Kendler et al., 2012). Relatedly, dissociation of tolerance from other aspects of 

dependence is well established in the tobacco literature (Perkins, 2002). Third, tolerance 

is not a strong marker of severity or dependence after controlling for heavy consumption 

(Martin et al., 2008; Vergés et al., 2018). Fourth and finally, tolerance does not substantially 

increment withdrawal in terms of defining physiological dependence (Schuckit et al., 1998). 

These findings suggest – but are certainly not conclusive – that tolerance is relatively distinct 

from the rest of the dependence syndrome.

This raises the question of how we should think about tolerance if it is peripheral to alcohol 

dependence. This general idea bore out in the eternal validity analyses, where tolerance had 

the least unique associations with alcohol-relevant external criteria (Figure 3). Although we 

cannot offer a definitive answer at this point, it seems likely that tolerance is an intermediate 

phenotype (or non-specific prerequisite) that promotes the development of dependence by 

facilitating the ability to experience repeated, high-dose exposures. If AUD reflects a staged, 

developmental process (Koob & Le Moal, 2001) whereby tolerance is generally independent 

from but encourages other aspects of dependence, it further challenges the notion that 

AUD reflects a unitary dimension. This is especially true if AUD reflects a complex blend 

of acquired neuroadaptations (e.g., tolerance, withdrawal) and premorbid or dispositional 

features (e.g., impulsivity, reward sensitivity). By contrast, AUD might reflect a formative 

configuration of several reasonably independent, etiologically distinct features. Compared 

with a strict network model conceptualization, we believe that these independent features 

might themselves reflect latent variables composed of a number of symptoms that cut 

across diagnostic criteria, resulting in a hybrid formative-reflective conceptualization of 

AUD (MacCoun, 2013).

Notwithstanding AUD’s ontology, we are optimistic that multidimensional 

conceptualizations of AUD can clarify sources of heterogeneity in symptom presentation, 

comorbid psychopathology, course, treatment targets, and the like. Multidimensional 

conceptualizations can also accommodate the sundry competing mechanisms thought to 

underlie AUD, including but not limited to reward sensitivity, impulse control deficits, and 

negative affectivity (Kwako et al., 2015). In addition to the fact that such characterizations 

are more consistent with modern models of addiction (i.e., ANA), they are also more 

consistent with contemporary models of other psychopathology that describe it in terms 

of broad and narrow transdiagnostic dimensions, such the Hierarchical Taxonomy of 

Psychopathology (Kotov et al., 2017) and the Research Domain Criteria (Insel et al., 

2010). How the dimensions we advance in this work interface with those outlined in other 

frameworks remains high priority for future research. Research that parses critical sources of 

heterogeneity in AUD is an important starting place for such endeavors.
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Parsing Heterogeneity of Psychiatric Disorders

Despite the fact that most all psychiatric conditions are remarkably heterogeneous, 

diagnostic manuals (i.e., DSM-5, ICD-11) tend to conclude that they conform to a 

unidimensional structure. This conclusion is likely due to a number of conspiring factors 

– including but not limited to the use of too few indicators; the use of single indicators 

for each symptom; and the failure to rigorously examine alternative, multidimensional 

conceptualizations of psychiatric diagnoses – that contribute to a seemingly monolithic 

structure that can be difficult to pierce. Our proposed antidote is the adoption of 

methodological and analytic procedures that are more likely to detect multidimensionality, 

should it exist. Though there may be certain scenarios in which it is useful to extract a 

unidimensional factor of a given construct, this should not be confused with evidence that 

the construct itself is unidimensional (Watts et al., 2020).

We focused on AUD but it is likely that efforts to parse within-disorder heterogeneity could 

be applied to virtually any disorder. Indeed, most DSM constructs have been criticized for 

their heterogeneity, including major depression (Fried, 2017), autism spectrum disorder 

(Masi et al., 2017), attention-deficit/hyperactivity disorder (Roberts et al., 2017), and 

schizophrenia (Ahmed et al., 2018). Major depression, for instance, is associated with 

10377 unique symptom profiles such that two patients may not share a single overlapping 

symptom. What’s more, a recent empirical examination of 3703 depressed patients 

identified 1030 unique profiles exhibited by those patients alone (Fried & Nesse, 2015). 

Such profound heterogeneity might cause one to question the utility of a unidimensional 

phenotype, particularly when its features are associated with different risk factors (Fried, 

2017; Fried & Nesse, 2015).

Parsing critical sources of heterogeneity in psychiatric phenomena has the potential to move 

past the deadlock of rampant comorbidity exhibited by disorders in our current and past 

diagnostic systems. Multidimensional, hierarchical conceptualizations acknowledge, rather 

than overlook, the remarkably heterogeneous nature of most psychiatric conditions (Kotov 

et al., 2017), and, in turn, focus on more homogeneous symptom clusters that are more 

likely to carve nature at its joints. We remain hopeful that such symptom clusters will serve 

as more fruitful targets in investigations into the etiology, distal and proximal correlates, 

sequeale, and treatment of psychiatric phenomena.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Model fit of a 1-factor solution as a function of number of indicators in the model.

Note. Medians of the 500 repetitions are reported with standard deviations as error ribbons
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Figure 2. 
Pruned hierarchical structure yielded from agglomerative hierarchical clustering
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Figure 3. 
Relations between 3-factor CFA factors and external criteria

Note: Betas are included with standard errors.
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