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ARTICLE INFO ABSTRACT

Keywords: Background: Depressive symptoms may contribute to cocaine use. However, tests of the relationship between
Cocaine depression and severity of cocaine use have produced mixed results, possibly due to heterogeneity in individual
Drug abuse symptoms of depression. Our goal was to establish which symptoms of depression are most strongly related to
Addiction

frequency of cocaine use (one aspect of severity) in a large sample of current cocaine users. We utilized gen-
eralized additive modeling to provide data-driven exploration of the relationships between depressive symptoms
and cocaine use, including examination of non-linearity. We hypothesized that symptoms related to anhedonia
would demonstrate the strongest relationship to cocaine use.

Method: 772 individuals screened for cocaine use disorder treatment studies. To measure depressive symptoms,
we used the items of the Beck Depression Inventory, 2nd Edition. Cocaine use frequency was measured as
proportion of self-reported days of cocaine use over the last 30 days using the Addiction Severity Index.
Results: Models identified 18 significant predictors of past-30-day cocaine use. The strongest predictors were
Crying, Pessimism, Changes in Appetite, Indecisiveness, and Loss of Interest. Noteworthy effect sizes were found
for specific response options on Suicidal Thoughts, Worthlessness, Agitation, Concentration Difficulty, Tiredness,
and Self Dislike items.

Conclusions: The strongest predictors did not conform to previously hypothesized “subtypes” of depression. Non-
linear relationships between items and use were typical, suggesting BDI-II items may not be monotonically
increasing ordinal measures with respect to predicting cocaine use. Qualitative analysis of strongly predictive
response options suggested emotional volatility and disregard for the future as important predictors of use.

Machine learning

Generalized additive model

Depressive symptoms

Beck Depression Inventory 2nd Edition

1. Introduction greater severity of cocaine use (Leventhal et al., 2006), while others

show little to no relationship (Ford et al., 2009). A meta-analysis of 53

Cocaine is the third most abused illicit drug in the U.S. (Substance
Abuse and Mental Health Services Administration (SAMHSA, 2017),
and accounts for significant health burdens worldwide (Degenhardt
et al., 2014). Identifying modifiable factors associated with cocaine use
is important to reducing its use. Depressive symptoms may contribute
to cocaine use and make it more difficult for individuals to quit using
cocaine (Poling et al., 2007; Rounsaville, 2004). However, tests of the
relationship between depression and cocaine use have produced mixed
results. Some studies indicate that depressive symptoms relate to

studies found a small but significant relationship between depression
and concurrent cocaine use (Conner et al., 2008). The mixed nature of
these findings suggests nuances in the relationship between depression
and cocaine use. These may include moderating factors, such as po-
pulation characteristics, or differences in how depression has been de-
fined and measured in different studies.

One important factor determining the relationship between de-
pression and severity of cocaine use may be the type of depressive
symptoms that are experienced. There is increasing recognition that
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depression is not homogenous: two individuals receiving a depression
diagnosis may actually have no symptoms in common. One theoreti-
cally-based distinction with relevance to addiction is between negative
mood (i.e., sadness) and anhedonia (i.e., lack of interest or pleasure in
activities; Treadway and Zald, 2011). Pre-clinical data suggest these
symptom dimensions depend on distinct neurobiological circuits, and
clinically they have different implications for outcomes and treatment
(Treadway and Zald, 2011; Vrieze et al., 2014). Several lines of evi-
dence suggest anhedonia is particularly important to use of stimulants
such as cocaine. In a large, population-based sample of adults with
stimulant use disorder, anhedonia was uniquely associated with life-
time stimulant use and stimulant dependence, even after controlling for
depressed mood (Leventhal et al., 2010). This relationship could be due
to differential responses to cocaine, as anhedonia was also associated
with more positive hedonic responses to cocaine in cocaine users, while
depressed mood did not predict subjective responses to cocaine. This
suggests individuals with anhedonia may experience enhanced addic-
tive effects of cocaine, leading to greater use and poorer treatment
outcomes (Wardle et al., 2017). Thus, a failure to distinguish between
anhedonia and other symptoms of depression such as negative mood
may contribute to the generally weak relationship between overall
measures of depression and indicators of cocaine use.

Although the distinction between negative mood and anhedonia
represents a theoretically-driven parsing of depression symptoms with
apparent relevance to addiction, there have also been a number of data-
driven attempts to identify depression dimensions or sub-types. This
includes a prior investigation in individuals with cocaine use disorder,
which utilized the Beck Depression Inventory, 2" Edition (BDI-II; Beck
et al., 1996; Conner et al., 2008) to identify three symptom dimensions:
Cognitive, Affective and Somatic (Seignourel et al., 2008). Another
analysis in patients with depression utilizing multiple depression
measures, including the BDI-II, found eight factors: Depressed Mood,
Tension, Negative Cognition, Impaired Sleep, Suicidal Thoughts, Re-
duced Appetite, Anhedonia and Amotivation (Ballard et al., 2018).
There has also historically been a distinction between “Melancholic”
and “Atypical” subtypes of depression, with “Atypical” presenting with
more fatigue and anxiety (American Psychiatric Association (APA,
2000). Thus, there are multiple possible ways to parse depressive
symptoms into groups or dimensions, and it is unclear which of these
dimensions might best explain heterogeneity in the relationship be-
tween depressive symptoms and cocaine use.

Therefore, our goal was to use data-driven modeling to establish
which symptoms of depression most strongly relate to frequency of
cocaine use in the last 30 days in a sample of current cocaine users. We
utilized frequency of use in the last 30 days as our primary outcome
because it is a parsimonious measure of severity that shows stronger
predictive ability for treatment outcomes compared to other measures
such as years of use or the Addiction Severity Index drug composite
score (Reiber et al., 2002). However, we secondarily examined Cocaine
Dependence diagnosis and severity of diagnosis in supplemental ana-
lyses as additional indicators of severity, to test the generality of the
identified predictors. To measure depressive symptoms, we used the
items of the Beck Depression Inventory, 2*¢ Edition. The BDI-II includes
items related to depressed mood (e.g., sadness and crying), somatic
symptoms (e.g., sleep and appetite), cognitive symptoms (e.g., being
unable to make decisions), and anhedonia, including items for loss of
pleasure, loss of interest in activities, loss of energy, and loss of interest
in sex that have previously been identified as composing an anhedonia
sub-scale (Joiner et al., 2003; Pizzagalli et al., 2005). We utilized tools
from the field of data science to build a model predicting the proportion
of the last 30 days on which an individual used cocaine from individual
items on the BDI-II. Data science blends features of computer science,
machine learning, and statistics to provide efficient, data-driven ex-
ploration of the relationships between variables and optimized pre-
diction of outcomes (Hastie et al., 2009). In particular, we chose Gen-
eralized Additive Modeling. The generalized nature of GAM allows
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estimation of non-Gaussian outcome distributions, such as the propor-
tion outcome used here. The additive nature of GAM allows for non-
linear relationships between BDI-II items and cocaine use. For example,
some theories posit that both very high and very low levels of reward
sensitivity may contribute to addictive behaviors, suggesting a possible
quadratic relationship between anhedonia items and addiction (Davis
and Fox, 2008). Additive models use a machine learning algorithm to fit
predictors using smoothing functions across the range of each pre-
dictor’s possible values; in essence allowing non-linear data-driven
functions to be estimated, rather than fitting a single straight line
through predictor values (Hastie et al., 2009). Each item on the BDI-II is
measured on a 4-point Likert-type scale—fitting these items as
smoothed (nonlinear) predictors enables investigation of the shape of
the relationship to cocaine use over each of the four points on that
scale. Previous studies (i.e., those reported by the meta-analysis in
Conner et al., 2008) have examined the relationship between cocaine
use and depression using total scale scores, rather than item-level data;
such total scale scores may mask nonlinear contributions of individual
items. Our hypothesis was that items previously identified as part of the
BDI-II Anhedonia sub-scale would be the most strongly related to fre-
quency of current cocaine use; however, our approach allowed ex-
traction of the optimal combination of items for predicting cocaine use.

2. Materials and methods
2.1. Overall design

All data were obtained from electronic records of participants en-
rolled in an evaluation protocol at The University of Texas Health
Science Center at Houston Center for Neurobehavioral Research on
Addiction from August 2006 to January 2017. All participants signed
an informed consent that was approved by the Committee for the
Protection of Human Subjects at The University of Texas Health Science
Center at Houston. Participants took part in a two- to three-day eva-
luation conducted over 7-10 days, in which they were screened for
eligibility to participate in research studies of pharmacological and/or
psychological interventions for the treatment of cocaine use disorder.
The screening consisted of a battery of questionnaires including the
BDI-II, a physical examination, laboratory measures, and an interview
with a trained licensed professional counselor. Participants were re-
cruited through local print advertisements, online postings, and re-
ferrals from other health institutions, friends, or family in the greater
Houston area. The analyzed sample consisted of N = 772 unique par-
ticipants that completed the baseline measures prior to any intervention
and self-reported a minimum of one day of cocaine use of the past 30
days.

2.2. Measurements

Depression symptoms were measured using the 21-item BDI-II,
which was administered within a battery of computerized self-report
questionnaires. Cocaine use frequency was determined from the
Addiction Severity Index (ASI). The ASI is a semi-structured interview
that assesses seven problem areas (drug use, alcohol use, legal status,
medical status, employment and support, family and social status, and
psychiatric status) in individuals with current (last 30 days) and past
(lifetime) substance use history, and was completed by the trained li-
censed professional counselor as part of the interview portion of the
screening protocol (McLellan et al., 1980). This measure is where the
proportion (0-1) of self-reported days of cocaine use over the last 30
days was captured. Supplemental analyses examined dichotomous
presence vs. absence of cocaine use disorder based on Structured
Clinical Interview for the Diagnostic and Statistical Manual of Mental
Disorders, 4™ Edition (SCID-1V; First et al., 1996) as well as categorical
mild/moderate/severe ratings of severity of cocaine dependence com-
pleted as a part of the SCID-IV for the n = 551 individuals with a
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diagnosis of cocaine dependence.
2.3. Data analytic strategy

The machine learning algorithm generalized additive modeling
(GAM; Hastie and Tibshirani, 1986) in R (function gam() from the R
package mgcv v. 1.8-22; Wood, 2017) was used to explore the strength
and shapes of the relationships between each of the 21 items on the
BDI-II with the proportion of days cocaine was used out of the past 30.
The proportion of cocaine use days in the last 30 days was modeled
using the binomial distribution. Of note, we repeated this analysis of
cocaine use frequency in a subsample of patients (N = 267) who sub-
mitted at least one biochemically verified positive urine during intake,
indicating they had definite cocaine use during the period queried.
Results from this subsample were highly similar to the primary findings
reported here, and will not be discussed in detail, but are available in
Supplementary Material (Model S1). Secondarily, we modeled in sup-
plemental analyses the dichotomous variables of DSM-IV diagnosis of
Cocaine Dependence (yes/no) and categorical variable of severity of
this diagnosis (mild/moderate/severe) to examine the generality of the
predictors identified for frequency of use (see Supplementary Material
1, Models S2 and S3 for details). Automated selection features of the R
package mgcv implementation of GAM enhanced the investigation of
the nonlinear relationship structure. These selection features (a) es-
tablished the optimal degree of smoothness for each item and (b) al-
lowed the removal of an item through additional penalization of each
model term. The mgcv implementation of GAM offers two major types
of automated smoothing: restricted maximum likelihood (REML) and
global cross-validation (GCV). REML, the default option in the software,
has demonstrated fewer complications due to overfitting (Wood, 2011).
Thus, it was utilized here. However, of note, re-analysis using the GCV
method produced no inferential differences from the manuscript, with
resulting plots being nearly identical.

The model obtained via GAM was also fit using generalized linear
modeling (GLM) for comparison purposes. Several statistics examining
fit and performance were obtained: (1) Akaike Information Criteria
(AIC; Akaike, 1973), a measure of goodness-of-fit with a penalty for
model complexity, (2) root mean squared error (RMSE), a measure of
the deviation between predicted and observed values, and (3) area
under the receiver operator characteristic curve (AUROC), a measure of
classification performance in outcomes fit by a binomial distribution.
Better fit is demonstrated by lower values of AIC and better perfor-
mance is measured via lower RMSE and higher values of AUROC.

3. Results
3.1. Sample demographics

The sample was primarily male (75%) and African-American (69%)
with a mean age of 44.1 (SD = 8.9) and a mean education level of 12. 5
years (SD = 1.9). Participants reported a mean of 14.48 days of cocaine
use in the past 30 (SD = 9.3) and a mean BDI-II total score of 15.17
(SD = 10.9). BDI-II total score cutoff values indicated depression ca-
tegory representation of 48% minimum, 19% mild, 21% moderate, and
12% severe.

3.2. Generalized additive modeling

Generalized additive modeling explored the relationships between
cocaine use frequency and the 21 items on the BDI-II. Model penali-
zation reduced the effect of the Sadness item to 0, leaving 20 items.
Estimated degrees of freedom (edf), Chi-square, and approximated p-
values for each item are provided in Table 1. While these p-values are
approximations (GAM has no value directly equivalent to traditional p-
values; see Wood, 2013 for a discussion), results indicated that 17 of the
21 items contributed substantively to the model estimation. The chi-
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Table 1

GAM results — estimated degrees of freedom, chi square value, and approxi-
mated significance for Beck Depression Inventory-II items, ordered by chi
square value.

Item # Item name Estimated df Chi Square p Value Shape

10 Crying 2.95 204.86 < 0.001 Cubic

2 Pessimism 2.68 114.78 < 0.001 Quadratic

18 Changes in 2.87 87.33 < 0.001 Cubic
Appetite

13 Indecisiveness 2.9 68.3 < 0.001 Cubic

12 Loss of Interest 2.95 61.34 < 0.001 Cubic

16 Changes in 2.72 47.84 < 0.001 Quadratic
Sleeping Pattern

21 Loss of Interest in 2.22 46.54 < 0.001 Quadratic
Sex

14 Worthlessness 2.84 43.47 < 0.001 Quadratic

5 Guilty Feelings 2.84 40.21 < 0.001 Cubic

8 Self Criticalness 2.29 39.68 < 0.001 Quadratic

11 Agitation 2.91 38.9 < 0.001 Cubic

20 Tiredness 2.87 35.57 < 0.001 Cubic

19 Concentration 2.77 24.65 < 0.001 Cubic
Difficulty

9 Suicidal Thoughts 2.18 22.01 < 0.001 Quadratic

3 Past Failure 2.72 21.8 < 0.001 Cubic

7 Self Dislike 2.81 18.65 < 0.001 Cubic

15 Loss of Energy 0.95 17.44 < 0.001 Linear

6 Punishment 1.89 11.33 0.002 Quadratic
Feelings

4 Loss of Pleasure 1.03 2.22 0.112 Quadratic

17 Irritability 0.64 0.84 0.261 Linear
Sadness 0 0 0.967 N/A

square value of each predictor provided an index of the relative con-
tribution of each predictor to the overall model. Lacking an established
heuristic, as a measure of convenience we define the strongest pre-
dictors as those with at least 25% of the highest chi-square value. The
items with the strongest overall contribution to the model were crying,
pessimism, changes in appetite, indecisiveness, and loss of interest.
GAM diagnostics found no evidence for violation of assumptions (in-
cluding normality of residuals, homogeneity of variance, and in-
dependence of residuals). For the purpose of comparison, generalized
linear modeling was used to fit cocaine use frequency to the 20 items
retained by the GAM. Metrics for comparison including AIC, RMSE, and
AUC all demonstrated superior fit and predictive performance of the
GAM (AIC = 11971.4, RMSE = 0.290, AUC = 0.619) over the GLM
(AIC = 12643.5, RMSE = 0.302, AUC = 0.567).

GAM produced partial effects plots to describe the strength of the
relationship between each predictor and the outcome (y-axis) across
different values of the predictor (x-axis). As there are only four response
options for each item (0 through 3), there may be a maximum of two
bends in any line fit through those response options. Thus, the re-
lationships may be linear (no bends), quadratic (one bend), or cubic
(two bends). We determined the shape of the relationship through vi-
sual inspection. Ten items demonstrated a cubic relationship, eight
demonstrated a quadratic relationship, and two were linear. The shape
of each relationship is indicated in Table 1.

To further examine the relationships between the BDI-II items and
cocaine use, odds ratios were obtained to describe the relationship
between each response option for each item and cocaine use frequency.
Odds ratios in the present context of a proportion outcome are inter-
preted such that a given one-unit increase on a BDI-II item (e.g., from O
to 1, 1 to 2, etc.), is associated with a corresponding odds of having an
additional cocaine use day. Unlike in GLM, odds ratios in GAM are not
constant throughout the range of predictor values; instead, they are
calculated for each potential distinct segment of a line fit through four
response options on a given item (i.e., from option O to 1, option 1 to 2,
and option 2 to 3) while holding the other predictors constant (Schratz,
2017). The odds ratios are reported in Table 2.

We focused a more detailed analysis on the five strongest predictors
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Table 2
GAM 0Odds Ratios.
Item Segment OR 2.50% 97.50%
Crying l1to2 2.302 2.155 2.459
SuicidalThoughts 2t03 2.240 1.775 2.828
Worthlessness 2t03 2.198 1.899 2.543
Pessimism 2to3 1.866 1.750 1.990
LossOflnterest 2to3 1.732 1.669 1.797
SuicidalThoughts 1to2 1.689 1.348 2.117
Pessimism l1to2 1.440 1.376 1.508
ChangesInAppetite l1to2 1.381 1.337 1.427
Indecisiveness l1to2 1.378 1.325 1.433
Agitation 1to2 1.309 1.240 1.382
Tiredness 1to2 1.212 1.150 1.277
LossOflInterestInSex Oto1l 1.206 1.205 1.208
ChangesInSleepingPattern Oto1l 1.188 1.165 1.212
PastFailure Oto1l 1.178 1.144 1.213
ChangesInAppetite Oto1l 1.176 1.160 1.192
GuiltyFeelings 2t03 1.170 1.094 1.250
LossOflInterest Oto1l 1.124 1.106 1.143
ChangesInSleepingPattern 1to2 1.121 1.100 1.143
Indecisiveness Otol 1.111 1.094 1.128
Worthlessness 1to2 1.106 1.066 1.147
SelfDislike 1to2 1.084 1.081 1.086
GuiltyFeelings Oto1l 1.049 1.027 1.072
PastFailure 2to3 1.046 0.973 1.124
ConcentrationDifficulty 1to2 1.046 1.000 1.093
PunishmentFeelings 2to3 1.045 1.037 1.053
LossOfPleasure Oto1l 1.038 1.028 1.048
Worthlessness Oto1l 1.022 1.016 1.028
LossOfPleasure 1to2 1.015 1.003 1.028
LossOfPleasure 2to3 1.006 0.978 1.036
Irritability Oto1l 1.000 0.996 1.005
Sadness Oto1l 1.000 1.000 1.000
Sadness 1to2 1.000 1.000 1.000
Sadness 2to3 1.000 1.000 1.000
SelfCriticalness Oto1l 0.993 0.976 1.010
Irritability 2to3 0.989 0.977 1.001
Agitation Oto1l 0.989 0.983 0.994
PunishmentFeelings 1to2 0.981 0.966 0.995
Irritability 1to2 0.978 0.966 0.991
SuicidalThoughts Oto1l 0.936 0.915 0.957
PunishmentFeelings Otol 0.898 0.897 0.898
PastFailure l1to2 0.896 0.882 0.910
Pessimism Otol 0.887 0.877 0.897
LossOfEnergy l1to2 0.885 0.870 0.900
LossOfEnergy 2to3 0.885 0.853 0.919
LossOfEnergy Oto1l 0.885 0.874 0.896
SelfDislike Oto1l 0.882 0.872 0.891
LossOfInterestInSex 1to2 0.876 0.851 0.903
ConcentrationDifficulty Oto1l 0.871 0.863 0.878
Tiredness Oto1l 0.851 0.838 0.863
SelfCriticalness 2t03 0.846 0.821 0.871
Crying 2t03 0.845 0.803 0.889
SelfCriticalness 1to2 0.844 0.828 0.861
Crying Oto1l 0.790 0.779 0.800
GuiltyFeelings 1to2 0.781 0.769 0.794
ChangesInSleepingPattern 2to3 0.757 0.749 0.765
LossOflInterestInSex 2to3 0.738 0.711 0.765
LossOflInterest 1to2 0.732 0.701 0.764
SelfDislike 2t03 0.715 0.630 0.812
ChangesInAppetite 2to3 0.709 0.677 0.743
Tiredness 2t03 0.709 0.650 0.774
ConcentrationDifficulty 2to3 0.701 0.626 0.786
Agitation 2to3 0.596 0.578 0.614
Indecisiveness 2t03 0.569 0.509 0.635

*Bold Font — Confidence Interval includes 1.0.

in the GAM by chi-square value: Crying, Pessimism, Changes in
Appetite, Indecisiveness, and Loss of Interest. The partial effects plots
for these items may be found in Fig. 1 (parts A through E, respectively).
However, additional attention was also granted to the strongest local
(i.e., between two response options) effects occurring for items other
than the five defined above. These high-magnitude local effects merit
further consideration as their contribution may have been dampened by
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low-magnitude effects across the rest of the response options for that
item, causing that item not to be represented in the overall strongest
predictors of cocaine use. Partial effects plots for these items, including
Suicidal Thoughts, Worthlessness, Agitation, Tiredness, Self-Dislike,
and Concentration Difficulty, may be found in Fig. 2 (parts A through
F). Below we discuss the relationship of the strongest predictors and the
noteworthy local effects to cocaine use in more detail.

3.3. Strongest overall predictors

The strongest predictor in the overall model was Crying (Fig. 1A),
and consistent with this the strongest individual positive odds ratio was
found for the Crying item (O.R. = 2.30 [2.16, 2.46]). The relationship
of Crying to cocaine use was cubic, such that it increased over the
center two options but decreased at both tails, with the largest effect
occurring between response options 1 (“I feel sad much of the time”)
and 2 (“I feel sad all the time”). This particular one-unit increase in-
dicated an expected increase in the odds of cocaine use by a factor of
2.3. The Pessimism item (Fig. 1B) was the second strongest overall
predictor, and demonstrated a quadratic relationship with cocaine use,
such that a small decrease in use was observed between 0 and 1 re-
sponse options, but the dominant trend from options 1 to 3 was for
more severe cocaine use (average O.R. = 1.66). The third strongest
overall predictor, Changes in Appetite (Fig. 1C), demonstrated an
unusual quadratic pattern with both noteworthy positive and negative
effects: an increase between options 1 to 2 (O.R. = 1.38 [1.34, 1.43])
and a decrease between options 2 and 3 (O.R. = 0.71 [0.68, 0.74]),
both among the strongest individual odds ratios detected. This suggests
response option 3 for Changes in Appetite “I have no appetite at all OR I
crave food all the time” may not describe change in appetite in the same
way that the other response options do (e.g., option 1: “My appetite is
somewhat less than usual or somewhat more than usual”). The In-
decisiveness item (Fig. 1D) was the fourth strongest overall predictor
and also demonstrated this type of relationship, with a modest increase
in cocaine use from option 1 to 2 (O.R. = 1.38 [1.33, 1.43]), from “I
find it more difficult to make decisions than usual” to “I have much
greater difficulty making decisions than usual,” respectively, but a
sharp decrease from option 2 to option 3 (O.R. = 0.57 [0.51, 0.64]), “I
have trouble making any decisions.” The Loss of Interest item (Fig. 1E)
was the fifth strongest predictor of cocaine use frequency. The shape of
the relationship was distinctly cubic, whereby the strength of the re-
lationship increased from response option 0 to 1 (O.R. = 1.12 [1.11,
1.14]), then decreased to response option 2 (O.R. = 0.73 [0.70, 0.76]),
and again increased (O.R. = 1.73 [1.67, 1.80]) to its strongest effect at
option 3, “It’s hard to get interested in anything.” Endorsing option 3
was positively related to higher frequency, while endorsing the next-
lower option “I have lost most of my interest in other people or things”
was negatively related to frequency. This nonlinearity may lie in
wording: the highest option relates to difficulty generating interest, as
opposed to outright losing interest as in the highest option.

3.4. Additional strong local effects

Other strong local effects within items (Fig. 2) bear further mention
here. While these effects were not reflected among the strongest overall
predictors of cocaine use, these response options had disproportionately
large effect sizes relative to many of the effects found across predictors.
In particular, additional strong positive effects, both for between the
two highest options, were discovered for Suicidal Thoughts
(O.R. = 2.24 [1.76, 2.83]) and Worthlessness (O.R. = 2.20 [1.90,
2.54]). Additional strong negative effects were found between the two
highest response options for Agitation (O.R. = 0.60 [0.58, 0.61]),
Tiredness (O.R. = 0.71 [0.65, 0.77]), Self-Dislike (O.R. = 0.72 [0.63,
0.81]), and Concentration Difficulty (O.R. = 0.70 [0.63, 0.79]).
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were chosen for having strong local effects that may have been dampened by weak effects elsewhere in the prediction space of the item.

3.5. Supplemental analyses of cocaine dependence diagnosis and severity

Results of these analyses will not be discussed in depth here but are
available in Supplementary Material (Models S2 and S3). In general,
these models were more conservative, removing 12 predictors each,
and did not find some of the more complex (quadratic, cubic) nonlinear
relationships as the primary analysis. However, it should be noted that
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each model supported better fit for the GAM than a corresponding GLM
fit to the same outcome, suggesting non-linearity continued to con-
tribute importantly to prediction. Not all predictors identified in the
primary model continued to be strong, but of note, crying, self-criti-
calness, worthlessness, and changes in appetite were generally retained
as strong predictors in these other models, suggesting partial con-
vergence.
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4. Discussion
4.1. Significance

The present analyses explored the strength and shape of the re-
lationships between cocaine use frequency and depressive symptoms.
The set of strongest predictors did not conform to a previously hy-
pothesized depression “subtype”, as they consisted of Crying,
Pessimism, Changes in Appetite, Indecisiveness, and Loss of Interest.
Relevant to our hypothesis, although the anhedonia item “Loss of
Interest” was a strong predictor of use, the selected top items also in-
cluded some generally thought of as representing negative mood (e.g.,
“Crying”) and excluded the other anhedonia scale items. The presence
of Loss of Interest but absence of other anhedonia scale items could
indicate key differences among the anhedonia items on the BDI-II. One
possibility is that they differentially represent “pleasure” vs. “motiva-
tion,” two reward-related functions thought to have separable neural
substrates (Berridge et al., 2009). However, this is difficult to conclude
based on single items, particularly when little is known about the re-
lationship between these items and underlying reward-related func-
tions. Primarily, this again points out that no previously hypothesized
subtypes or subscales captured the most important symptoms for pre-
dicting cocaine use frequency.

We also found broad evidence for the importance of nonlinear ef-
fects over and above strictly linear effects. These stronger quadratic and
cubic effects suggest the response options on the BDI-II deviate from the
purported monotonically increasing ordinal scale of the instrument. For
example, for the Crying item, we saw a strong positive linear trend
between the second and third response options that reversed at the
tails. The strongest effect of Crying, related to more severe cocaine use,
was found at response option two, “I cry over every little thing.”
Endorsing the highest response option (three) “I feel like crying, but I
can’t” may not constitute an increase in magnitude of the construct
“crying” as a symptom of depression. These nonlinear relationships
have practical consequences for using individual items from this in-
strument to indicate strength of specific symptoms: higher order re-
sponse options do not necessarily mean higher level effects. Note that
this does not necessarily change the use of summary scores, including
total scores and clinical cut-off values, as these have well-demonstrated
utility (Dozois et al., 1998). Rather, care should be taken in extra-
polating higher BDI-II scores on individual items as necessarily in-
dicating higher levels of a symptom. Future efforts in the use or further
development of the BDI-II should investigate nonlinearity across re-
sponse options.

Interpretation beyond the strongest items focused on the strongest
“local” effects for specific response options. Such effects were found in
items related to Crying (“I cry over every little thing”), Suicidal
Thoughts (“I would kill myself if I had the chance”), Worthlessness (“I
feel utterly worthless”), and Pessimism (“I feel my future is hopeless
and will only get worse”) and Loss of Interest (“I have lost most of my
interest in other people or things”). Qualitatively, these strongest in-
dividual response options describe emotional volatility and a disregard
for the future, particularly in comparison to less-predictive items such
as Sadness or Irritability. Interventions designed to target cocaine use
may benefit from particular focus on depressive symptoms related to
emotional volatility and a foreshortened or constricted perception of
the future and world.

4.2. Limitations

Although use of a standard, short depression scale along with re-
liance on self-reported drug use allowed efficient collection of a large
sample and improved ability to model complex effects, this approach
also presents some limitations. First, the BDI-II items may not ade-
quately cover all relevant symptoms of depression. Indeed, one pre-
vious analysis of multiple depression scales including the BDI-II
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suggested a higher number of sub-factors than analyses restricted to the
BDI-II (Ballard et al., 2018). Inclusion of scales purposely designed to
capture anhedonia, or even specific facets of anhedonia such as plea-
sure vs. motivation (e.g., the Temporal Experience of Pleasure Sacle;
Gard et al., 2006) might provide greater clarity about the contribution
of this construct. Second, our primary measure of cocaine use severity
consisted of self-report of frequency of use in the past 30 days. This
measure and timeframe are commonly used to capture use frequency,
generally yield greater accuracy than longer periods (e.g., 90 days;
McLellan et al., 1992), and have better predictive validity for the
clinically important outcome of treatment success than some other
measures of severity (Reiber et al., 2002). However, it can only be
considered a one-dimensional “snapshot” of severity. Further, although
information was collected by a trained interviewer in a situation in
which participants had no systematic reason to downplay or exaggerate
cocaine use, biochemical verification would be preferable. This is par-
ticularly the case as depression might systematically influence reporting
of prior drug use through biases in recall (Rotteveel and Phaf, 2007). To
partially address these issues, we conducted several supplemental
follow-up analyses. First, we repeated our analysis of use frequency in a
subsample of patients who submitted at least one biochemically verified
positive urine during intake, indicating they had definite cocaine use
during the period queried. Results from this subsample were highly
similar to the primary findings reported here; however, this still does
not fully address the issue with reliance on self-report for the primary
outcome. Second, GAM was used in two models to explore the re-
lationships between the BDI-II items in subsamples with available data
on the structured clinical interview for DSM-IV (SCID-1V; First et al.,
1996) measuring (a) dichotomous cocaine dependence (yes vs. no) and
(b) categorical cocaine use severity (mild vs. moderate vs. severe), to
explore convergence between our model and these other measures of
severity. These models were more conservative, removing 12 predictors
each, and did not find as many nonlinear relationships as the primary
results reported in this manuscript. This may be because dichotomous
cocaine dependence or categorical severity is an extreme coarsening of
the same concept tapped by the primary frequency outcome; alter-
natively, the dichotomous and categorical outcomes may be too dif-
ferent qualitatively from frequency to be directly comparable to the
primary outcome. However, it should be noted that each model sup-
ported better fit for the GAM than a corresponding GLM fit to the same
outcome, continuing to emphasize the importance of non-linearity.
Further, some evidence for convergent validity was supported by cer-
tain predictors (crying, self-criticalness, worthlessness, and changes in
appetite) being retained by each model.

The type of applied data science research using machine learning
algorithms undertaken here may also be limited by issues related to
overfitting and generalizability. The GAM algorithm utilized by the
present study utilized internal mechanisms to minimize overfitting
(here, restricted maximum likelihood). However, the ultimate standard
of generalizability would be to fit the algorithm to new data. Future
research using the BDI-II should test for nonlinear relationships be-
tween individual depression items and outcomes using GAM, including
the cocaine use outcomes examined here for purposes of replication.

Additionally, the study was cross-sectional, so the direction of in-
fluence between cocaine use frequency and depressive symptoms is not
clear. Although our interest is in identifying potentially modifiable
factors influencing drug use, depressive symptoms could also represent
an outcome of more severe use, in the form of withdrawal. The with-
drawal syndrome for cocaine features anhedonia and depressive
symptoms, so it may have been the case that individuals with more
severe use were also more likely to be experiencing withdrawal during
the time period reported on by the BDI-II. A separate measure of
withdrawal severity/frequency should be included in future research to
address this question. There may even be reciprocal causation between
cocaine use and depression such that they are related in a self-re-
inforcing feedback loop. We are not able to disentangle the direction of
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these effects here. Finally, our sample was a convenience sample of
individuals self-referring for treatment, and men and African-Americans
were over-represented compared to the general cocaine-using popula-
tion (Substance Abuse and Mental Health Services Administration
(SAMHSA, 2017). Expression of depressive symptoms differs between
males and females (Altemus et al., 2014), so examination of sex dif-
ferences may be particularly important in future work, as specific items
may be more or less predictive in the context of different overall re-
porting patterns.

4.3. Conclusions

This study demonstrates substantial heterogeneity in the extent to
which individual symptoms of depression relate to cocaine use fre-
quency, suggesting that the constellation of symptoms associated with
depression has a complex relationship with cocaine use. The findings
support the use of data science techniques like generalized additive
modeling to examine predictors of cocaine use; traditional linear
models provided significantly worse fits for the data and would have
obscured important non-linear relationships. Further, although aspects
of anhedonia (specifically loss of interest in other activities) predicted
cocaine use frequency, the items selected did not neatly conform to
prior theories about sub-types or scales of depression. This was contrary
to our hypothesis that anhedonia scale items would be the most pre-
dictive. We tentatively identified a pattern predicting cocaine use in the
symptoms related to extreme emotional volatility and a constricted
world-view that disregards the future, but this should be considered
preliminary, and in need of replication and confirmation. Future re-
search should examine the extent to which these same items predict or
covary with treatment outcomes, covary with other measures of anhe-
donia and mood dysregulation, and ultimately whether treatment tar-
geting these symptoms is more effective than addressing depression
generally. Ultimately, the goal is to use data-driven approaches to both
identify and efficiently target treatment to the most important modifi-
able factors associated with cocaine use.
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