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Abstract

Objective. The objective of this study was to assess the potential of combining graph learning methods with
latent variable estimation methods for mining clinically useful information from observational clinical data sets.
Materials and Methods. The data set contained self-reported measures of psychopathology symptoms from
a clinical sample receiving treatment for alcohol use disorder. We used the traditional graph learning methods
Graphical Least Absolute Shrinkage and Selection Operator, and Friedman’s hillclimbing algorithm; traditional
latent variable estimation method factor analysis; recently developed graph learning method Greedy Fast Causal
Inference; and recently developed latent variable estimation method Find One Factor Clusters. Methods were
assessed qualitatively by the content of their findings.
Results. Recently developed graphical methods identified potential latent variables (i.e., not represented in the
model) influencing particular scores. Recently developed latent effect estimation methods identified plausible
cross-score loadings that were not found with factor analysis. A graphical analysis of individual items identified
a mistake in wording on one questionnaire, and provided further evidence that certain scores are not reflective of
indirectly measured common causes.
Discussion and Conclusion. Our findings suggest that a combination of Greedy Fast Causal Inference and
Find One Factor Clusters can enhance the evidence-based information yield from psychopathological constructs
and questionnaires. Traditional methods provided some of the same information, but missed other important
findings. These conclusions point the way toward more informative interrogations of existing and future datasets
than are commonly employed at present.

BACKGROUND AND SIGNIFICANCE
According to the 2015 National Survey on Drug Use and Health, alcohol use disorder (AUD) affects over 15
million people in the US alone, and in 2010 it was estimated that alcohol misuse cost the United States $249.0
billion[1]. Approximately one third of that population also suffers from anxiety or depression (internalizing)
disorders, and following treatment, patients who suffer from both AUD and internalizing disorders are twice as
likely to relapse following treatment[25]. As in many psychopathology domains, the mechanisms that produce and
maintain comorbidity between these disorders are not well understood, so there is a critical need for discoveries
that inform the prevention and treatment of AUD.
Despite the potential impacts of various mental health problems on AUD risk and recovery, they remain
poorly understood as constructs. Even the ontological status of mental disorder symptoms as stemming from a
latent cause (analogous to an unidentified infection) has recently been called into question by an alternative view
that emphasizes networked interactions between specific manifest symptoms[6]. Given these fundamental and
practical unknowns, psychopathology is in dire need of methodological advancements that can aid investigators in
determining whether mental disorders have a single targetable latent source (analogous to an infection) or consist
of an interacting network of symptoms (or a combination of the two[7]). This knowledge has the potential to
reveal new insights leading to paradigm-changing innovations in diagnosis and treatment.
This project provides the first implementation and assessment of a novel analytic methodology that uses
latent variable estimation methods (common cause models) in conjunction with graph learning methods (symptom
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interaction models) to analyze questionnaire-based clinical mental health data at both the score level and item
level. In doing so we assessed how the information produced by these different methods could be redundant,
conflicting, and/or supplementary. It is beyond the scope of this work to provide an exhaustive coverage of
graphical methods or latent variable methods. For example, 29 algorithms are offered in the graphical interface
for Tetrad version 6.5.4, some of which contain dozens of more precisely specified algorithm options. Even more
algorithms can be found in various R packages, MATLAB files, and elsewhere. To maximize feasibility and impact,
we focus on the comparative and collective utility of selected traditional techniques in common use and a limited
number of promising recent developments that are, as yet, little used in the field.
The graphical LASSO (GLASSO)[8] and Friedmans hillclimbing algorithm (FHC)[9,10] were included as traditional graph learning methods, as they have received significant attention and support in the psychopathology
literature. Factor analysis (FA)[11] was included as the traditional and dominant latent variable estimation method
of the last century. Greedy Fast Causal Inference (GFCI)[12] was included as a recently developed graph learning
method due to its ability to determine the possible influence of latent common causes not represented in the model
and its performance in simulation experiments at smaller sample sizes. Find One Factor Clusters (FOFC)[13] was
included as a recently developed latent variable estimation method due to its speed and performance in simulation
experiments at smaller sample sizes.
These methods do not rely strictly on Bayesian or frequentist conceptions of probability. While the term
Bayesian network is often used to refer to probabilistic directed graphical models, such models can be evaluated
in either a Bayesian or frequentist manner. Of the network-leaning algorithms covered in this paper, only FHC
learns standard Bayesian networks: GLASSO learns an undirected graph and GFCI learns a more complex type
of network.

MATERIALS AND METHODS
Data
Data were collected from 362 adult AUD treatment inpatients with a co-occurring anxiety disorder at the baseline
assessment of a randomized clinical trial (RCT) [14]. The baseline assessment occurred prior to the RCT clinical
interventions within the first week of a 21-day residential chemical dependency treatment program. Variables
represent hallmarks of comorbidity between AUD and anxiety disorder and include measures of anxiety and
depression (internalizing) symptoms, stress and coping abilities, drinking behaviors, and alcohol craving. Measures
were self-reported and obtained from empirically validated assessments, with no skip questions, and the data set
contained very few missing values, leading to a high quality data set. Variables were constructed from individual
items based on standard scales for the various internalizing disorders.

Measure

Mean (SD)

Range

Description

Generalized anxiety

64.13 (11.59)

16-80

Depression
Social anxiety
Panic
Agoraphobia

20.43
32.43
10.99
31.59

(17.30)
(17.30)
(6.34)
(19.78)

0-63
0-80
0-28
0-100

Perceived stress
Self-efficacy

28.15 (5.50)
32.91 (10.91)

10-40
8-48

Drinking to cope

62.93 (12.15)

20-80

Drinking behavior

1608.76 (1271.51)

30-6840

Alcohol craving

2.67 (1.05)

0 to 4

The total score on the Penn State Worry Questionnaire.
The total score on the Beck Depression Inventor.
The total score on the Social Phobia Scale.
The total score on the Panic Disorder Severity Scale.
The summed score from the Mobility Inventory for
Agoraphobia.
The total score on the Perceived Stress Scale.
The total score on the negative affect subscale of the
Situational Confidence Questionnaire.
The Unpleasant Emotions subscale of the Inventory
of Drinking Situations.
The total drinks consumed during the 4 months
prior to residential treatment entry assessed with the
Timeline Follow-Back Interview.
The frequency of alcohol craving during the 30 days
prior to treatment assessed with an item from the
Obsessive Compulsive Drinking Scale.

Table 1: Measures collected from AUD patients
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Methods
Term

Description

AUD

Alcohol Use Disorder is a mental disorder characterized by excessive consumption
of alcohol.
A causal graph is a structural representation of the causal relationships among a
set of variables.
Two variables A and B have a causal relationship if A causes B, or B causes A,
or A and B are both caused by some third variable C.
A Directed Acyclic Graph is a graph whose nodes are only connected by arrows
and that contains no directed cycles.
Drinking to Cope is a measure of drinking for coping purposes.
Factor Analysis is a collection of methods for learning factor models from data.
Friedmans hillclimbing algorithm is a popular method for learning DAGs from
data.
Find One Factor Clusters is a recently developed algorithm for identifying latent
common causes from data.
Greedy Fast Causal Inference is a recently developed algorithm for learning PAGs
from data.
Graphical Least Absolute Shrinkage and Selection Operator is a popular tool for
learning undirected graphs from data.
Graphical latent effect estimation is a collection of methods for identifying latent
common causes from data.
L is a latent common cause of variables A and B if L is latent variable and is a
cause of both A and B.
L is a latent variable in the context of data set D if L is not explicitly represented
as a variable measured in D.
A Partial Ancestral Graph contains many more types of edges than a DAG (see
Table 3), and is able to represent certain or possible confounding by latent variables. PAGs also do not contain cycles.

Causal Graph
Causal Relationship
DAG
DTC
FA
FHC
FOFC
GFCI
GLASSO
GLEE
Latent Common Cause
Latent Variables
PAG

Table 2: Glossary of terms and abbreviations

Graph Learning Methods
GLASSO[8] estimates a regularized inverse covariance matrix, which can be represented as an undirected graph.
It is a popular tool for discovering unoriented graphs from observational data, including data related to psychopathology[25,26]. The primary distinction between GLASSO and the other graph-learning algorithms we
employed is that GLASSO does not encode causal information, so it serves as a point of comparison for the
causal methods. Undirected graphs can be difficult to interpret, especially as the number of variables and edges
increases. Because of this, their interpretation is typically done at a relatively high level: the graph is fed into
an analysis method which evaluates various graphical metrics, such as the centrality and connectedness of each
node. The nodes that rank highly on these metrics are identified as being important to maintaining connectivity
in the network. Well-connected groups of nodes (clusters) can also be identified as collections of variables that
seem to be categorically similar. We utilized the version of GLASSO implemented in the R[27] package glasso.
FHC[9,10] has recently been utilized in some psychopathology publications[28]. This method models the causal
structure of the variables by optimizing a complexity-penalized likelihood score, typically the Bayesian Information
Criterion (BIC). It has not been proven to be correct in the infinite data limit, but can perform well in simulations.
It outputs a directed acyclic graph (DAG) where nodes are connected by arrows. The directed edges in these
graphs are frequently interpreted causally, such that the edge A B is interpreted to mean that the variable A
causally influences the variable B, as utilized by Pearl[29] and Spirtes[30], and explicated by Woodward[31]. As
a consequence of outputting a DAG, directionality is forced, and the possible influence of latent variables is not
accounted for. There are numerous other methods that produce directed, or partially directed, graphical models
such as PC[30], GES[32], and MMHC[33]; we selected FHC due to its use in prior psychopathology research. We
utilized the version of FHC implemented in the R package bnlearn[10].
GFCI[12] uses a combination of penalized likelihood score comparisons and conditional independence tests to
learn the relationships among variables while accounting for possible latent common causes. It has been proven
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correct in the infinite data limit, and while benchmark simulations of its performance on finite sample sizes are
as-yet limited in scope, the benchmarking that has been done so far is promising[12]. In terms of scalability to
large numbers of variables, more complex algorithms are naturally slower than methods like GLASSO, however
there are many data sets, such as the one covered in this paper, which are well within GFCI’s feasibility bounds.
GFCI outputs a partial ancestral graph (PAG)[30], a graphical representation that encodes the possibility of latent
common causes. PAGs use a rich set of edge types to encode a large amount of information, including whether
a given relationship is definitely, possibly, or definitely not confounded, as well as whether a variable definitely,
possibly, or definitely does not cause another variable. In the typical representation, the inclusion of a circle at
either end of the edge (e.g. o-o or o-¿) indicates the possibility that a latent common cause may be responsible
for part (or all) of the statistical signal between those variables, while the inclusion of arrowheads at both ends of
the edge indicates that the relationship is definitely due to a latent common cause. Table 3 is a reference for the
meaning of edges in a PAG. We used the only current implementation of GFCI, found in the Tetrad java software
package.

Table 3: Edge types in a Partial Ancestral Graph (PAG)

Latent Variable Estimation Methods
There are two primary approaches for estimating latent common causes: factor analysis (FA)[11] and graphical
latent effect estimation (GLEE)[13,34,35]. FA is the traditional and dominant statistical method used for this
purpose over the last century, and it continues to be widely used. It attempts to estimate the data as a product
of two smaller matrices, and it makes inferences based on the structural features of those matrices. The latents
identified by factor analysis do not necessarily have a causal interpretation, in the sense that factor models remain
ambiguous as to whether factors cause the measured variables or are defined with them, but rather serve as a
simplified description of the covariances observed in the data. We utilized the version of FA implemented in the
factanal function in R.
GLEE methods have only been developed in the last 15 years[13,35], and remain largely untested. Unlike
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factor analysis, GLEE methods explicitly aim to identify the existence of latent variables that causally influence
the measured variables. We used a particular GLEE method, the Find One Factor Clusters (FOFC)[13] algorithm,
because of its simulation performance and familiarity to the authors. FOFC uses vanishing tetrad tests to
determine which, if any, subsets of the measured variables are correlated by a single latent common cause. While
FOFC has been proven correct and performs well in simulations at sample sizes comparable to that of our data
set, its output on finite sample sizes can depend on the variable order, so we ran FOFC 100 times on random
variable orderings and stored all of the output factors that it identified. Output factors that loaded onto a small
number of items ( ¡ 5 ) were dropped since small factors are less reliable than larger factors for this method[13].
K-means clustering (with k=4 selected to mirror the choice of 4 factors) was used to aggregate the output from
the 100 FOFC runs. We utilized the only current implementation of FOFC, found in the Tetrad java software
package. Table 4 summarizes the similarities and differences across all methods used in this paper.

Learning Method
GLASSO
Hillclimbing
GFCI
Factor analysis
FOFC

Representation
Undirected graph
DAG
PAG
Factor model
Latent variable model

Causal Intrepretation
no
yes
yes
no
yes

Latents
no
no
allowed
modeled
modeled

Correctness Proof
yes
no
yes
no
yes

Table 4: Comparison of utilized learning methods

RESULTS
Application to Clinical Data
We first consider the undirected graph learned by GLASSO[36], shown in Figure 1. The graph shows dense
connections among the various internalizing disorders, and also has the strongest connections from the alcohol
focused variables (Drinking and Craving) to the Drinking to Cope (DTC) variable. Our analysis replicated
earlier results of applying GLASSO to this data set[36], including DTC receiving the highest graphical metrics
of betweenness, closeness, and strength. These heuristics indicate that DTC could play an important role in
the common co-occurrence of drinking problems and internalizing disorders, but they do not contain causal
information.
To begin investigating the causal relationships among the variables in this data set we used Friedmans hillclimbing algorithm (FHC)[10] to learn a directed acyclic graph (DAG), shown in Figure 2. The DAG encodes
a variety of descriptive statistics and causal information that is absent from the GLASSO model. For example,
according to this DAG, conditioning or controlling for DTC makes Drinking statistically independent of Depression. For causal information, the DAG implies that effectively treating someone’s depression would not affect
their drinking, but effectively treating their social anxiety, stress, and improving their self-efficacy to resist DTC
would.
To investigate the possibility of latent common causes (confounders), we applied Greedy Fast Causal Inference
(GFCI)[12], which produced the partial ancestral graph (PAG) shown in Figure 3. We validated this PAG, and
all other PAGs in this paper, using a jackknife procedure (see Online Supplement Tables S3, S4, S5, and S6).
Table 3 provides the interpretation of the edges found in this PAG. This graph confirms some of the information
contained in the DAG, such as the causal chain DTC Craving Drinking, but disagrees with the DAG in other
areas, such as whether DTC causes self-efficacy or self-efficacy causes DTC. All of the variables that are connected
to each other in the PAG are also connected in the DAG, but the DAG contains a small number of adjacencies
that are not present in the PAG. These differences could be errors induced by latent common causes, but could
also be due to differences in the parameter settings we used for FHC and GFCI: the two methods have distinct sets
of parameters with different interpretations and meanings, so it is difficult to determine if they are equivalently
calibrated.
There are a few striking similarities between the DAG and the PAG. DTC is causally upstream of Craving and
Drinking in both graphs, and GFCI goes a step further by confirming that these relationships are not confounded
by latent variables. GFCI also discovers that the causal effect of Social Anxiety on DTC is not confounded, but
the causal relationship between Stress and DTC might be: in fact it allows for the possibility that Stress is not a
cause of DTC at all, but rather their correlation could be due entirely to a latent common cause.
GFCI identified that half of the causal relationships in the PAG are possibly confounded. This casts doubt
on the orientations that FHC gave to those edges. The possibility of confounding is especially present within the
distress domain (Depression and General Anxiety), as all of the causal relationships connecting these variables to
other variables in the graph are possibly confounded. There is also a small number of orientation disagreements
between the GFCI PAG and the DAG learned by FHC, but these are simply low confidence graph features.

5

Figure 1: Visualization of graph learned with GLASSO.

Figure 2: Visualization of graph learned with FHC.
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Figure 3: PAG of the measured scores described in Table 1. The different types of edges, such as green arrows, are
described in Table 2. Latent variables are not represented explicitly, but their potential influence is captured in the
choice of edge type connecting 2 nodes.

Our psychopathologists were surprised at the prominence of Social anxiety within the causal networks over
other possible causes of Drinking. Both models indicated that Social Anxiety served as an initiator of the causal
chain of conditions that terminate with Drinking, and GFCI confirmed that this entire causal pathway was
unconfounded.

Factor Analysis of Item-Level Data
After GFCI identified several pairs of score-level variables which might be confounded, we hypothesized that
latent common causes of the total scores were operating on them indirectly through their items. To test this
hypothesis, we analyzed the item-level data for the Stress, General Anxiety, Depression, and Panic scores, as the
PAG indicated that all of the relationships among these scores might be confounded. This created a data set of
54 items: 10 for Stress, 21 for Depression, 7 for Panic, and 16 for General Anxiety.
We applied factor analysis to the item-level data, using four factors since we know they come from four
scores/assessments. This was augmented with the oblique promax rotation, since the scores are correlated (as
shown by the undirected graph, the DAG, and the PAG). The results are shown in Online Supplement Table S1.
The factor analysis does not identify any cross-loadings, even at a low cutoff threshold of 0.3, which would imply
that the items are all measuring only the factors/scores that they are intended to.
For a second perspective, we also applied FOFC[13] to the same item-level data set. The cluster centroids are
shown in Online Supplement Table S2. In contrast to the factor analysis, FOFC finds that some cross-score items
share a latent common cause. In particular, centroid 4 contains one General Anxiety item sharing a latent cause
with 4 Stress items. Our psychopathology experts inspected these test items and were excited to find that they
were related to feelings of being overwhelmed by the daily obligations and routines of life, content which is largely
missing from the other General Anxiety and Stress items and is very relevant to the lives of patients with AUD.

Graphical Analysis of Item-level Data
To further investigate the patterns in our data, we performed graphical analyses on targeted sets of questionnaire
items. These sets of questionnaire items are typically summed into a score, as in our earlier analyses. Doing so
implicitly treats the items as being reflective of a latent common cause or forming a construct of interest. This
sort of analysis has recently been challenged, however [6], and the results of the FOFC analysis suggest that at
a minimum, some of these scores do not appear to correspond to a latent common cause. Since FOFC rejected
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Figure 4: Graphical representations of the item structure of the Panic Disorder Severity Scale. Table 2 provides
descriptions of the edges in representation (c). Each item assesses a different aspect of panic experienced during the
past 30 days and include the following: (1) number of panic attacks, (2) severity of panic attacks, (3) anxiety about
next panic attack, (4) avoiding places due to fear of panic attacks, (5) avoiding activities due to fear of or similarity
to panic attacks, (6) the extent panic-related symptoms interfere with work and other responsibilities, (7) the extent
panic-related symptoms interfere with social life.

the possibility that the Panic items formed an ideal latent measurement model, we investigated the empirical
relationships among the Panic items with GLASSO, FHC, and GFCI. The results are shown in Figure 4.
Figure 4 (a) shows the results of GLASSO applied to the Panic items, which indicates that some of the items
are much more strongly connected than others. Figure 4 (b) shows the result of the FHC analysis. FHC produces
a more sparse graph than GLASSO, and structurally appears similar to the GLASSO graph after removing the
weakest edges. FHC expresses a number of direct causal relationships, but since it cannot represent latent variables
or their statistical influence on measured variables, this is not itself evidence of the absence of a latent common
cause.
The GFCI analysis output is shown in Figure 4 (c). It contains a mixture of unconfounded direct causal
relationships and latent common cause relationships. The numerous unconfounded direct causal relationships
explains the empty section of the FOFC output table: FOFC does not group variables together into a measurement
model if they have direct causal relationships. These questionnaire items ask the respondent to provide information
about the frequency, severity, and functional consequences of the respondent’s panic attacks, and are written in a
way that assumes the respondent is experiencing panic on a regular basis. It seems plausible that some of these
items would directly influence other items. The bi-directed edges between items Panic6 and Panic4, and items
Panic7 and Panic4, also make sense: Panic4 asks if the respondents panic attacks hinder their ability to travel,
and Panic6 and Panic7 ask if the respondents panic attacks hinder their ability to go to work or socialize, both
being activities that often involve traveling.
Unlike Panic, large portions of the Depression items were grouped together by both FA and FOFC. Reviewing
the questionnaire revealed that unlike with Panic, these items do seem designed as indicators rather than queries
about the breadth and severity of symptoms of an assumed disease. Combined with the factor analysis and FOFC
analysis, this suggests that these items may form a reflective model of underlying Depression, and so we applied
our graphical techniques to these items to serve as a counterpoint to the Panic items. Figure 5 shows the results
of applying (a) GLASSO, (b) FHC, and (c) GFCI to the Depression questionnaire items.
The most notable difference between the GLASSO, FHC, and GFCI analyses of the Depression items is that
the GLASSO and GFCI graphs are dense, having a large number of edges and being difficult to untangle visually,
while the FHC graph is sparse, with very few edges and several nodes having no connections at all. Exactly why
FHCs output differs so substantially from the other algorithms in this particular case is unclear. One possibility
is that it relates to the parameters we are using when running the FHC algorithm, however these are not different
than what we have used for every other FHC analysis presented in this paper.
The GFCI graph also highlights Dep11 as an item deserving additional investigation. These questionnaires
are designed in such a way that the items are supposed to be correlated, and so by design there should be no
unconnected nodes in an accurate graphical representation of the items, however Dep11 is unconnected in the GFCI
graph. Upon inspecting the questionnaire, we identified an error in the final, printed version of the Dep11 question,
which resulted in it being uncorrelated with the other items. This demonstrates an interesting application of GFCI
and likely other advanced graphical methods for verifying or identifying errors in psychopathology questionnaires.
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Figure 5: Graphical representations of the item structure of the Beck Depression Inventory. Table 2 provides
descriptions of the edges in representation (c). Items assess the following aspects of depression: (1) feelings of
sadness, (2) hopelessness, (3) feeling like a failure, (4) feeling dissatisfied, (5) feeling guilty, (6) feeling like they are
being punished, (7) self-hate, (8) self-blame, (9) suicidal intent, (10) amount of crying, (11) feelings of irritation, (12)
lost interest in other people, (13) inability to make decisions, (14) feeling unattractive, (15) inability to work, (16)
difficulty sleeping, (17) tiredness, (18) lack of appetite, (19) weight loss, (20) worry about physical health, (21) lost
interest in sex.
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Figure 6: Graphical representations of the item structure of the Perceived Stress Scale. Table 2 provides descriptions
of the edges in representation (c). Each item measures a different aspect of stress that include the following: (1)
upset by unexpected events, (2) feeling unable to control important things, (3) feeling nervous and stressed, (4) felt
confident about handling personal problems (reversed), (5) felt things were going your way (reversed), (6) could not
cope with responsibilities, (7) able to control irritations in life (reversed), (8) felt that you were on top of things
(reversed), (9) angered by things outside your control, (10) felt unable to overcome difficulties.

Notably, such errors did not exist for the other nodes which are unconnected in the FHC graph only.
We also investigated the empirical patterns among the Stress questionnaire items, since (1) the score-level
analysis identified Stress as an important variable, and (2) the factor analysis and FOFC analysis produced
substantially different results on the stress questionnaire items. This collectively suggests stress is both important
and perhaps poorly measured. Visualizations of the Stress item analyses performed by GLASSO, FHC, and GFCI
are shown in Figure 6.
Figure 6 (a) shows the GLASSO analysis of the Stress items. It indicates that the variables may be loosely
divided into 2 groups, with overall stronger edge strength between variables within each group and weaker edge
strength for edges spanning the two different groups. The output of FHC, shown in Figure 6 (b), also divides
the variables roughly into two groups. As usual, every edge in this graph is oriented, but since we have reason
to believe that there may be latent common causes of the questionnaire items, these edge orientations cannot be
safely interpreted as causal relationships.
GFCIs analysis is shown in Figure 6 (c), and again shows the items roughly divided into two groups. Unlike
the Panic questionnaire items, GFCI does not identify any unconfounded direct causal relationships. The presence
of nothing but double-circle edges is consistent with the presence of one or more latent common causes influencing
the items, although it also does not serve as evidence of the presence of latent common causes. It does, however,
imply that the edge orientations of the FHC analysis should not be trusted: they could very well be the product
of FHCs representational limitations.
It is noteworthy that the division of variables into roughly two groups is consistent across all three analytical
methods. Upon inspection of the items, we identified that the two groups correspond precisely to whether an
item is reverse-scored or not. Reverse-scored items are those where higher values indicate lower levels of stress, as
compared to the regular items where higher values indicate higher levels of stress. In the data, the reverse-scored
items had their values reversed, so that (1) the higher values correspond to increased stress, and (2) the reversed
and non-reversed items are expected to be positively correlated with each other.
The graphical separation of the items into these two groups suggests that whether an item was reversed or
not is important to the way respondents answer that item. In particular, the correlations among the items may
be strongly influenced by psychological effects of trying to answer a reversed or non-reversed question. Regarding
whether this Stress score reflects a common cause or is the product of a symptom network, there is mixed evidence.
On the one hand, no unconfounded edges are identified, which is indicative of a possible latent common cause. On
the other hand, the graph is clearly divided between the reversed and non-reversed items, suggesting that all of
these items do not share a single latent common cause. Alternative theories that should be pursued are: (a) there
are two latent common causes, which are somehow being separately targeted by the reversed and non-reversed
items; (b) participants may be psychologically responding more to how the questions are framed—i.e. whether
the questions are stated in a reversed way or not—than to the content of the questions themselves.
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DISCUSSION
Although Galton pioneered the use of questionnaires to investigate psychological phenomena in the 19th century,
and Spearman developed factor analysis to explain correlated test performances in the early 20th century, most of
the methods used in this paper were developed in the 21st century. The more recent methods still make use of 19th
century concepts such as correlation and regression, but they have either significantly refined them (GLASSO)
or incorporated intelligent search procedures to guide a long sequence of different statistical procedures (FHC,
GFCI, FOFC).
In addition to replicating known findings, (e.g. that DTC causes Craving, and that Craving causes Drinking[37]) new knowledge was produced by the recently developed methods applied in this work. For example, we
found new evidence that Social Anxiety is partly responsible for the co-occurrence of depression and AUD and
that DTC, Stress, and Social Anxiety may be the key treatment targets that would impact down-stream drinking
behavior.
The Social Anxiety DTC Craving Drinking causal chain is supported by findings from several other studies.
In one study, Social Anxiety was highly correlated with endorsement of drinking in unpleasant emotions and, in
fact, DTC mediated the relationship between Social Anxiety and problematic alcohol consumption[38]. In another
study of a community sample, DTC mediated the relationship between Social Anxiety and drinking problems in
those with AUD[39]. In still another study of individuals with AUD, drinking to cope mediated the relationship
between Social Anxiety and drinking problems[40].
Although the primary purpose of this paper was to investigate the information provided by multiple methodologies applied to the same dataset, it contains a number of models related to real-world clinical phenomena. We
caution readers to limit their interpretation of these models, which may contain errors or fail to generalize. The
reasons for this include a relatively small sample size, untuned learning parameters, treating ordinal variables as
linear variables, the possibility of causal cycles, and being restricted to subjects entering a treatment program.
For published models learned from clinical psychopathology data such limitations are common.
Our findings demonstrate that recently developed analytic methods can extract useful knowledge from data
sets that traditional analyses do not. Unlike GLASSO and FHC, GFCI identified that the causal chain from
social anxiety to drinking is not confounded by the influence of latent variables. As an unexpected but revealing
finding, GFCI uniquely brought a wording error that changed the meaning of a Depression item to our attention.
FOFC revealed that despite the impressive factor analysis results, some of the items may have unwanted direct
or indirect statistical relationships. The Panic questionnaire in particular was revealed to be problematic. More
work must be done to develop improved questionnaire items for measuring these psychopathological constructs.
We also hope that future algorithmic developments overcome some remaining obstacles; e.g. GFCI is unable to
model causal cycles without time information, and FOFC is unable to identify useful but imperfect measurement
models.

CONCLUSION
In this paper we demonstrated that a combination of traditional and recently developed graph learning methods
and latent variable estimation methods applied to a clinical data set of patients with alcohol use disorder enables
the discovery of new and important knowledge. Such knowledge included not only clinical insights about the
treatment of patients with alcohol use disorder, but also previously unknown impactful errors in the tests being
used. The present work could be directly extended by analyzing other data sets that use the same items, or
potentially by constructing new sets of items intended specifically to target these latent variables. Moreover,
these methods could easily and beneficially be applied to other clinical domains, as well as to more biological
domains such as protein signalling[41].
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