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Although the Self-Referent Encoding Task (SRET) is commonly used to measure self-referent
cognition in depression, many different SRET metrics can be obtained. The current study used
best subsets regression with cross-validation and independent test samples to identify the SRET
metrics most reliably associated with depression symptoms in three large samples: a college
student sample (n = 572), a sample of adults from Amazon Mechanical Turk (n = 293), and an
adolescent sample from a school field study (n = 270). Across all three samples, SRET metrics
associated most strongly with depression severity included number of words endorsed as self-
descriptive and rate of accumulation of information required to decide whether adjectives were
self-descriptive (i.e., drift rate). These metrics had strong intra-task and split-half reliability
and high test-retest reliability across a 1-week period. Recall of SRET stimuli and traditional
reaction time metrics were not robustly associated with depression severity.

Introduction

The cognitive model of depression posits that de-
pressive symptoms are maintained by negatively biased
cognition, particularly negative cognition about the self
(Beck, 1967). In this model, the concept of the self-
schema—an internal representation of the self and the
world around oneself—influences what people attend to,
how they interpret new information, and what they re-
member at a later point in time. In depression, these self-
schemas tend to be negatively biased, thus prioritizing
the processing of incoming negative information. Nega-
tively biased information processing, in turn, is thought
to maintain an episode of depression.

Self-schemas are often operationalized by how many
positive and negative adjectives people endorse as self-
descriptive. The self-referent encoding task (SRET;
Derry & Kuiper, 1981) has been used extensively for this
purpose (e.g., Goldstein, Hayden, & Klein, 2015; Do-
zois & Dobson, 2001; Alloy, Abramson, Murray, White-
house, & Hogan, 1997; Prieto, Cole, & Tageson, 1992;
Kuiper & Derry, 1982; Davis, 1979). When completing
the SRET, participants are asked to make binary deci-
sions (yes/no) about whether or not positive and nega-
tive adjectives are self-descriptive—a clear corollary of
self-schema. In addition to measuring number of word
endorsements for positive and negative stimuli, decision-
making reaction time and recall of SRET stimuli can also
be assessed, providing a variety of metrics relating to the
cognitive processing of self-relevant information.

Research in depression has examined a variety of
SRET responses and the association of these metrics with
depression has been somewhat variable. Faster endorse-
ment of negative adjectives as self-descriptive on the
SRET has been associated with depression (e.g., Alloy et
al., 1997; MacDonald & Kuiper, 1985), suggesting that
reduced reaction time indicates a dominant negative self-
schema. However, not all studies find this result; many
have indicated no reaction time differences between low-
and high-depression groups (Gotlib et al., 2004; Dozois
& Dobson, 2001; Bradley & Mathews, 1983). Similarly,
preferential recall for negative rather than positive words
that were previously endorsed as describing the self is
also commonly used to measure a negative memory bias
(e.g., Bradley & Mathews, 1983; Gotlib et al., 2004).
Some results suggest that differing levels of depressive
symptoms may also impact on recall, endorsement, or
reaction time (Derry & Kuiper, 1981; Kuiper & Derry,
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Data are located on the Texas Data Repository,
https://doi.org/10.18738/T8/XK5PXX (Dainer-Best, Lee, Shu-
make, Yeager, & Beevers, 2017) and additional information
on Github, https://jdbest.github.io/sretmodels/. An interactive
Shiny interface to explore the relationships between these vari-
ables can be viewed online at https://jdbest.shinyapps.io/shiny-
comparisons/
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1982; Timbremont & Braet, 2004; Timbremont, Braet,
Bosmans, & Van Vlierberghe, 2008).

Additionally, some have used a “processing bias”
scores to investigate the SRET (e.g., Prieto et al., 1992;
Johnson, Joormann, & Gotlib, 2007; Hayden et al.,
2013). Positive and negative processing scores are ra-
tios which relate to the number of self-referential words
of each valence that are recalled. Prieto et al. (1992)
created ratios of endorsed words of each valence to the
total numbers of words endorsed, while others created
ratios of the number of self-referential words recalled of
each valence to the number of words endorsed of that va-
lence (Johnson et al., 2007; Hayden et al., 2013). How-
ever, which of these outcomes from the SRET best and
most consistently predicts depressive symptom severity
remains unclear.

Importantly, use of a variety of SRET metrics in past
research makes it difficult to compare results across stud-
ies and, perhaps more importantly, highly flexible pro-
cessing and scoring of task data has been identified as
a leading contributor to inconsistent literatures and non-
replications (Wicherts et al., 2016). Thus, an important
focus of the current paper is to provide strong evidence
for SRET metrics that are most reliably associated with
depression severity and could therefore be used consis-
tently in future research. Some past research has at-
tempted to narrow potential predictors from the SRET
down to those that were most predictive of depressive
symptoms (Disner, Shumake, & Beevers, 2016). In this
research, the depressive symptoms of a medium-sized
group of adults (n = 57) were best predicted by the
positive and negative words they endorsed on the SRET.
However, this sample size was moderate and the possi-
ble predictors were limited. Thus, this study motivates a
more thorough study of the SRET.

In addition to the problem that different SRET met-
rics have been used in past research, the psychometric
properties of this task are not well established. There
is an increasing focus on the importance of establishing
task reliability (Rodebaugh et al., 2016), just as there has
been for self-report assessments for many decades. As
the SRET has been used in various incarnations over the
years, and is used to measure a construct that is central
to the cognitive theory of depression, it is important to
establish whether the SRET has adequate psychometric
properties.

In terms of its psychometric properties, few stud-
ies have collected SRET data over multiple time-points,
and this has usually been done over extended periods of
time—to measure change in self-referent processing but
not to determine task reliability. There are nonetheless
some indications that the SRET is stable over time. For
example, several studies in relatively large samples of
children (ns > 200) indicate that processing bias scores

for positive and negative adjectives on the SRET re-
mained stable over time. Hayden et al. (2013) found
significant correlations ranging from r = .24 to r =

.39 for SRET processing scores over one year periods,
and Goldstein et al. (2015) found significant correlations
ranging from r = .10 for negative processing to r = .24
for positive processing over a three-year period.

Few studies have looked at the SRET longitudinally
in older samples. One early study in 24 participants di-
agnosed with major depressive disorder found that sev-
eral SRET metrics, including endorsements and reaction
time, remained stable over the course of 2-3 weeks in
those who remained depressed, while changing when
participants remitted from depression (Dobson & Shaw,
1987). However, that study was quite small. Similarly,
a small number of studies have examined psychomet-
ric properties of the SRET. An early study found that
depressed participants endorsed more negative words
than healthy participants at baseline and after two weeks
(Dobson & Shaw, 1987). Researchers also showed con-
sistent endorsements of negative information when tested
six months apart, which were only consistent for par-
ticipants who remained depressed (Dozois & Dobson,
2001). Additionally, researchers who have examined
the psychometrics of the SRET within study samples
have shown high internal consistency in the responses
(Auerbach et al., 2016). However, these studies all had
relatively small samples (ns < 100) and internal reliabil-
ity has not been routinely assessed with the SRET. Thus,
one major goal of this study was to identify the SRET
parameters that are most strongly and reliably associ-
ated with depression symptom severity and determine
whether these components have strong internal consis-
tency and are reliable over time.

One focus was thus to investigate the relative utility
of reaction time measures on the SRET, which may have
led to ambiguous past results. In fact, although reaction
time measures have been used with the SRET, an im-
portant literature has emerged indicating that simple re-
action time measures for two-choice decisions may be
suboptimal (White, Ratcliff, Vasey, & McKoon, 2010).
Rather than relying on reaction time, the diffusion model
assumes that information is continuously accumulated
(i.e., as individuals process stimuli) until a threshold is
hit which results in a response (Voss, Nagler, & Lerche,
2013). The diffusion model uses reaction time and re-
sponse data, and their distributions, to draw conclusions
about the cognitive processes underlying decisions. For
example, the drift rate (v) is estimated using the diffusion
model, representing the speed of accumulation of infor-
mation, i.e., how the buildup of information leading to a
decision. This component, as well as others described
below, putatively provides a greater level of precision
about two choice decision-making than simple reaction
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time response and may be important for predicting de-
pression symptom severity. Thus, in addition to obtain-
ing a traditional reaction time metric, the current study
also examined the utility of applying the diffusion model
to SRET responses.

Given the large number of potential parameters that
can be derived from the SRET, what is the best way to
identify the most reliable predictors of depression sever-
ity? Best subsets selection, an automated procedure that
evaluates the predictive performance of various combi-
nations of predictors using cross-validation, is ideally
suited for this goal. Best subsets regression introduces
linear combinations of predictors into a series of re-
gression models, comparing all possible combinations in
terms of model fit and identifying which combination of
predictors provide the best model fit. Cross-validation
procedures aim to identify which predictors best explain
variance in new data, thus minimizing overfitting to the
sample data. To provide an additional test of how well
the best cross-validated model generalizes to new sam-
ples, before beginning we randomly selected 20% of the
data in each sample to serve as a completely independent
validation test (i.e., data that were never used at any point
during model fitting). This test data is distinct from the
data used during cross-validation, which does use all of
the data, albeit not all at the same time. Generalizing
to new samples is the ultimate goal for most research,
and thus we believe this independent validation test is an
important feature and strength of the current study.

Self-referent processing has been measured across a
variety of populations in past research, and thus we
elected to administer the SRET and measures of depres-
sion severity to different samples. The first sample was
collected online in an undergraduate student sample (the
college student sample); the second was collected online
using Amazon Mechanical Turk (the MTurk sample);
the third sample was from a school field study which
included high school adolescents (the adolescent sam-
ple). These three samples provide the opportunity to
observe whether the optimal parameters are consistent
across adolescence and adulthood.

For the relationship between self-schema and depres-
sive symptom severity, we predicted a bias towards neg-
ative information would be stronger for participants with
elevated depressive symptoms. Given the rigorous ap-
proach to predictor selection designed to maximize re-
liability of results and generalizability to new samples,
we expected that similar SRET metrics would be chosen
as the best predictors of depression severity across each
sample. We also hypothesized that these metrics would
have strong reliability, with high internal consistency and
strong test re-test reliability over the course of one week.

Methods

Participants

Participants in the college student sample were eligi-
ble to participate if they were over the age of 18, were
fluent in English, and provided informed consent. Par-
ticipants in this sample were undergraduates recruited
from the University of Texas at Austin psychology sub-
ject pool and received course credit for their participation
(n = 527). Although not all participants disclosed age
(n = 236 chose not to disclose age), those participants
who did reported a narrow age range (18-24; M = 19.12,
SD = 1.14). A slight majority of this sample was female
(62.9%) and white (58%).

Participants in the second sample were recruited from
Amazon Mechanical Turk (the MTurk sample; n = 293).
Amazon Mechanical Turk has been used for collecting
behavioral data for psychological experiments with posi-
tive results (Buhrmester, Kwang, & Gosling, 2011); par-
ticipants have also been shown to vary in psychopathol-
ogy symptoms (Shapiro, Chandler, & Mueller, 2013).
Data for this study were collected through an adjunctive
website, TurkPrime (Litman, Robinson, & Abberbock,
2016), which allowed us to specifically and flexibly re-
cruit participants who were from the United States and
were positively-rated respondents on Mechanical Turk.
Additionally, participants in this sample were over the
age of 18, were fluent in English, and provided informed
consent. This sample was in their late thirties (age
M = 37.51, SD = 10.7), 57.9% female, and largely white
(79%).

Participants in the third sample participated in an ap-
proved program evaluation study conducted in Califor-
nia, requested and approved by the school district and
school principal (the adolescent group, n = 270). Data
were collected over the course of May and July of 2016.
Participants were primarily in the ninth grade and on av-
erage were 14 years old (M = 13.49, SD = 0.93); the
majority was female and white (see Table 1 for full de-
mographic information for all three samples).

Measures

Center for Epidemiologic Studies – Depression
Scale (CES-D). The CES-D (Radloff, 1977) assesses
depressive symptoms over the past week using a 20-item
self-report questionnaire. Potential scores range from 0
to 60; higher scores indicate more depressive symptoms,
with 16 a common cut-off for elevated symptomatology.
The CES-D was used in the college student and MTurk
samples. Scores on the CES-D can be accurately reflec-
tive of both low levels of depressed mood and elevated
depressive symptoms.
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College Students MTurk Adolescents
(n = 572) (n = 293) (n = 270)

Age, mean (S D) 19.12 (1.14) 37.51 (10.7) 13.49 (0.93)
n = 336 n = 285 n = 255

Female 212 (62.9%) 165 (57.9%) 151 (57.8%)
n = 337 n = 285 n = 261

Race n = 144 n = 285 n = 255
White 83 (58%) 225 (79%) 138 (54%)
Black 8 (6%) 23 (8%) 2 (1%)
Indigenous/ 3 (2%) 0 (0%) 20 (8%)Pacific Islander
Asian 24 (17%) 24 (8%) 52 (20%)
Multiracial/Other 26 (18%) 5 (1%) —

Hispanic/Latino — 8 (3%) 43 (17%)
Depression symptoms, mean (S D) 14.19 (9.71) 13.39 (11.85) 2.41 (3.03)
Depression symptoms score above cut-off 188 (33%) 98 (33%) 71 (26%)

Table 1
Characteristics and symptom profiles of participants in all three samples. As not all participants provided demo-
graphic information, sample size (n) is provided for each row. Some participants reported belonging to multiple
groups. Ethnicity was not available for the college student sample. Depression scores for college students and MTurk
samples come from the Center for Epidemiologic Studies – Depression Scale (CES-D), which ranges from 0 to 60 (with
a common cut-off of 16); for adolescents, from the Children’s Depression Inventory: Short (CDI:S), which ranges from
0 to 20 (with a common cut-off of 3).

Children’s Depression Inventory: Short (CDI:S).
The Children’s Depression Inventory (Kovacs, 1981,
1992) is a self-report questionnaire for measuring de-
pression symptoms in children between the ages of 8 and
18. A short version (Kovacs, 2003; Allgaier et al., 2012)
has ten items and is sensitive as well as brief (Ahlen &
Ghaderi, 2017); total scores range from 0 to 20, with
higher scores indicating more depressive symptoms and
a recommended cut-off of 3 for the short-form (Allgaier
et al., 2012). The CDI:S was used in the adolescent sam-
ple, chosen to be time-efficient and to replicate past work
which had used the CDI:S (e.g., Miu & Yeager, 2015).

Self-Referent Encoding Task (SRET)

The SRET (Derry & Kuiper, 1981) is a computer-
based task designed to assess schema-related process-
ing. Participants make decisions about whether posi-
tive and negative adjectives are self-descriptive. Par-
ticipants view the words one at a time and make rapid
judgments about whether or not each word presented de-
scribed themselves following word offset. Participants
viewed 26 negative and 26 positive words.1 Words were
selected from a well-validated list of positive and nega-
tive self-descriptive adjectives (Doost, Moradi, Taghavi,
Yule, & Dalgleish, 1999).

For the college student and MTurk samples, the SRET
consisted of three blocks; in each block, all 52 words
were displayed once in random order. In the adolescent

sample, due to time constraints, words were presented
only once. Words were displayed in white text on a
black screen and remained on-screen until participants
responded. Participants were told to use the Q or P keys
on their personal keyboard to answer whether the word
described them or not. Each trial was followed by a 1,500
ms intertrial interval.

After completing the task, participants were asked to
pause for one minute and relax. Then, participants in the
college and MTurk samples were given five minutes to
recall as many adjectives as possible from the SRET. In
the adolescent sample, three minutes were given for free
recall due to time constraints. Many adolescents did not
provide recall data.

SRET Metrics. Although the SRET is a simple,
straightforward task, it is possible to generate a num-
ber of metrics from this task. Commonly used metrics
include the number of positive and negative words en-

1Positive words were: Happy, Good, Joyful, Proud, Bril-
liant, Great, Nice, Excited, Pleased, Glad, Excellent, Wonder-
ful, Loved, Fun, Friendly, Helpful, Confident, Fantastic, Cool,
Awesome, Best, Content, Free, Playful, Kind, Funny; Nega-
tive words were: Alone, Angry, Annoyed, Ashamed, Bad, De-
pressed, Guilty, Hateful, Horrible, Lonely, Lost, Mad, Nasty,
Naughty, Sad, Scared, Silly, Sorry, Stupid, Terrible, Unhappy,
Unloved, Unwanted, Upset, Wicked, Worried. In Study 3,
“Silly” was replaced by “Dumb”.
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dorsed as self-descriptive.2 Individuals with a higher
number of negative words endorsed are thought to have a
more negative schema; the reverse is true for positive en-
dorsements. Second, the number of positive and negative
words that were endorsed as self-descriptive and then re-
called is also commonly used to measure self-schema.
Recalling more negative words is indicative of a more
negative self-schema. Third, some research has exam-
ined reaction time (RT) to indicate whether a word is
self-descriptive or not. Faster reaction time for negative
words endorsed as self-descriptive is thought to reflect a
stronger negative self-schema.

Additionally, responses to the SRET can be examined
via a computational model known as the diffusion model.
Both RTs and responses were used as input for the drift
diffusion model (Ratcliff, 1978; Ratcliff & Rouder, 1998;
White et al., 2010), a sequential sampling technique that
decomposes responses, RTs, and their distributions into
distinct components of decision-making and processing.
The diffusion model has been used once before with the
SRET in a separate, previous study (Disner et al., 2016);
it assumes that on each trial, evidence is accumulated
until one of two response criteria have been met (i.e.,
whether a given word is self-descriptive).

The relative ease of evidence accumulation is mea-
sured by a component referred to as the drift rate. For
the SRET, drift rate (v) can be conceptualized as an in-
dex of self-schema. A very positive drift rate to neg-
ative words indicates that it is easy to categorize such
words as self-referential; a drift rate close to zero for pos-
itive words indicates that it is difficult to categorize such
words; and a strongly negative drift rate reflects that evi-
dence accumulation often leads to rejecting a stimulus as
self-referential. Thus, a highly positive drift rate to neg-
ative words can be thought of as representing a strong
negative self-schema, while a highly positive drift rate to
positive words can be thought of as representing a strong
positive self-schema. Relative starting point (zr) refers
to the degree to which a given valence (positive or neg-
ative) may be biased towards one decision (self-referent
vs. non-self-referent). Both the relative starting point
and the drift rate were calculated separately for positive
and negative words.

The diffusion model also estimates the following com-
ponents: the threshold separation (a), or amount of in-
formation needed to make a decision; the response time
constant (t0); the difference in speed of response execu-
tion (d); and the inter-trial variability of drift (sv), inter-
trial variability of starting point (szr), and inter-trial vari-
ability of non-decisional components (st0). The diffu-
sion model’s components were computed with the pro-
gram fast-dm using the Kolmogorov-Smirnov estimation
method (Voss & Voss, 2007).

Procedure

The Institutional Review Board at the University of
Texas at Austin approved all procedures across all sam-
ples. Online participants provided informed consent via
an online form and did not provide identifying informa-
tion. Adolescent participants participated as part of a
program evaluation study; demographic information was
provided from school rosters. Participants were allowed
to opt out of the study. No structured interview or ques-
tionnaire was used to assess psychopathology or past de-
pression; thus, no participants were excluded on this ba-
sis.

For all three samples, questionnaires presented in
Qualtrics (Provo, UT) were used to assess symptoms of
depression. Following these measures, participants were
automatically directed to a separate website to complete
the Self-Referential Encoding Task (SRET). In both the
college and MTurk samples, two waves of data collection
occurred. In the first wave, participants completed the
SRET using Qualtrics and the QRTEngine (Barnhoorn,
Haasnoot, Bocanegra, & van Steenbergen, 2015); a sec-
ond wave completed the SRET using Inquisit software
(Millisecond Software LLC, Seattle, WA).3 Inquisit is a
commercial platform that runs “full screen” on partici-
pant’s computers as a Java applet; the QRTEngine runs in
participants’ internet browsers or on school computers,
within the Qualtrics website. In the college student sam-
ple, 144 participants completed the study in Qualtrics
and 383 participants completed the experiment in In-
quisit. In the MTurk sample, 109 participants completed
the experiment in Qualtrics and 184 used Inquisit.

Following the SRET, online participants had five min-
utes to complete free recall of the words presented during
the SRET. Participants were compensated with experi-
ment credit (college students) or $1.75 (MTurk), which
is roughly the standard for studies collected on Ama-
zon’s Mechanical Turk platform (Mason & Suri, 2012;
Buhrmester et al., 2011). Participants did not complete
additional measures as part of this experiment.

In the adolescent sample, a self-report survey was ad-
ministered in Qualtrics to assess depressive symptoms

2Some (e.g., Prieto et al., 1992) have used ratios to compare,
e.g., the number of positive words endorsed to the total number
of words endorsed. Inclusion of such ratios in regression mod-
els induces a linear dependency with the intercept, given that
they sum to one. Additionally, they reduce the degrees of free-
dom of the model. As such, although past work has employed
them, we could not include them in these models.

3Analyses were initially performed to determine whether
the engine by which the SRET was administered (QRTEngine
or Inquisit) significantly altered results. Given that this variable
did not significantly affect results, all further analyses were re-
peated within group but ignoring engine.
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and other internalizing symptoms. Following this, par-
ticipants were led to complete a series of cognitive task
batteries in Inquisit. The SRET was presented at the be-
ginning of this battery and was immediately followed by
the recall assessment. Adolescent participants were not
compensated.

All MTurk participants who were included following
the baseline collection were invited to repeat the proce-
dures a second time one week later; 167 participants’
data were included at both T1 and T2. These participants
were paid slightly more when they completed the second
time point ($2.00) than the first time point to encourage
completion.

Participant Attrition and Data Filtering

A large number of participants did not complete all
aspects of the study or in other ways provided question-
able data. In keeping with published guidelines for on-
line data collection (Shapiro et al., 2013), online partici-
pants (college and MTurk samples) were excluded prior
to conducting inferential statistical analyses for a vari-
ety of reasons. Participants who incorrectly answered
either of two simple math problems (e.g., “Feel free to
use a calculator: What is 7 + 15?”) were excluded,
as these participants were assumed not to be attending
to study materials. Participants in these two studies
also completed the Infrequency-Psychopathology Scale
of the Minnesota Multiphasic Personality Inventory—2.
As described in Shapiro et al. (2013), this instrument
measures bizarre beliefs; those who scored more than
3 standard deviations above the group mean were pre-
sumed to be inattentive and were excluded. Participants
with incomplete data or a variance of zero on the self-
report measures (i.e., they responded to every item with
the same response) were also excluded.4

On the SRET, across all samples, participants who an-
swered more than 10% of trials in under 200 ms were
excluded. Those participants with more than 15% of tri-
als deemed outliers for any reason were excluded. Any
participants for whom there was no free recall data from
the SRET were excluded. Given these exclusions, ns re-
ported above are the sample size of the final data; origi-
nal sample sizes for those who completed the study were
n = 676 for the college student sample, n = 420 for
the MTurk sample, and n = 571 for the adolescent sam-
ple. That is, 149 participants were lost from the college
student sample, 127 from the MTurk sample, and 301
for the adolescent sample. Although such exclusions are
high, they followed a priori plans and are representa-
tive of much online research (Hauser & Schwarz, 2016;
Zhou & Fishbach, 2016). We tested whether depression
scores predicted that participants’ data being filtered out
in each sample separately, entering all participants for
whom we had CES-D data into a logistic model that

predicted whether data was included by CES-D score.
Dropped data in the student sample was linked to CES-D
score, z(675) = −3.01, p = .003, while this was not the
case for the MTurk sample, z(419) = −1.46, p = .14, or
the adolescent sample, z(570) = −1.25, p = .21.

Data from the SRET were filtered for both time-
points, as described above. Trials with RTs under 200
ms were dropped, as were trials at least 3 median ab-
solute deviations above individual participant’s median
RTs (Leys, Klein, Bernard, & Licata, 2013). After drop-
ping trials based on RT, for participants who had multiple
blocks of the SRET, the number of words endorsed was
calculated as a rounded average across word repetitions,
such that although each word was presented three times,
it could only be endorsed once. (Although most words
were consistently endorsed, words that were endorsed
1/3 of the time were considered not to have been en-
dorsed, whereas those that were endorsed 2/3 times were
considered to have been endorsed.)

Data Analytic Plan

Three primary analyses were conducted. First,
we used best subsets regression with 10-fold cross-
validation, repeated under 10 different randomizations,
to determine the best SRET predictors of depressive
symptom severity (on the CES-D or CDI:S), including
word endorsements, reaction time, recall, and the com-
ponents of the diffusion model described above. Second,
the features from the SRET identified as most strongly
correlated with depression symptoms were examined in
terms of internal reliability, including Cronbach’s alpha
for positive and negative items and split-half reliabil-
ity. Third, repeated-measures analyses were conducted
to determine test-retest reliability, using the sub-sample
of MTurk participants who completed the task twice over
the course of one week.

Due to non-selected samples with a high prevalence
of zero or near-zero depressive symptoms, the frequency
distributions for CES-D and CDI:S responses were de-
cidedly non-Gaussian and far better characterized as
count distributions with overdispersion (data distribu-
tions can be seen in supplemental Figure S1). There-
fore, for the best subsets analyses, we modeled depres-
sive symptom severity using negative binomial regres-
sion, a generalized linear model (GLM) that fits an ad-
ditional parameter θ to account for overdispersion. For
the Mechanical Turk and adolescent samples, there was
also some evidence of zero inflation (more 0 values than
would be expected for a negative binomial model), and
we explored fitting these data with zero-inflated negative

4Some items on these measures are reverse-scored; thus,
zero variance does not exclude people with a score of zero on
the measure.
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binomial (ZINB) models. While these models achieved
somewhat better fits, the decrease in prediction error was
not substantial, and the same set of best predictors was
selected. Thus, to facilitate comparison with the college
student sample (which did not show excessive zero val-
ues), we only report here the results of the negative bino-
mial regressions.

Best subset selection using negative binomial GLMs
was implemented with the beset package (beset;
Shumake, 2016), which uses cross-validation to find
the subset of predictors that minimizes the mean cross-
entropy between the predicted responses ŷ (based on
models fit to within-fold samples) and the observed re-
sponses y (from the corresponding out-of-fold samples).
Mean cross entropy is an information-theoretic quantity
that is analogous to mean squared error, but instead of
averaging (ŷ − y)2), it averages the negative logs of the
probability density functions for ŷ (given the error distri-
bution of the GLM, in this case the negative binomial)
evaluated at y. It is important to note that cross en-
tropy simply converts prediction error into a relative like-
lihood parameter; if applied to the training set instead of
the test set, mean cross entropy equals the negative log-
likelihood of the model divided by the number of ob-
servations. (For logistic regression, this is also known
as “log-loss”.) Given that GLMs are fit by minimizing
the negative log-likelihood (thus maximizing the likeli-
hood), cross entropy defines a unified loss function for
both fitting and cross-validating GLMs (Murphy, 2012).
The end-goal of this resampling procedure is to find the
most reproducible model that will generalize best to new
data. Given that we had a large sample size, we ran-
domly set aside 20% of the data from each sample prior
to best subset selection to serve as an additional, inde-
pendent test of how well the best model, chosen by cross-
validation, performs on new data. The 20% statistic mir-
rors the 1

5 of the data used in each fold of the cross-
validation, and follows guidelines (Hastie, Tibshirani, &
Friedman, 2008). The data, models, and corresponding
analyses script, can be found in the supplementary ma-
terials (https://doi.org/10.18738/T8/XK5PXX and
https://jdbest.github.io/sretmodels/).

All available metrics from the SRET, including those
from the diffusion model, were included as predictors in
these analyses. As such, 19 predictors were available
for selection, but models were limited to a maximum of
10 predictors. For both positive and negative valence,
these predictors included number of words endorsed as
self-descriptive, self-referential recall, total recall, reac-
tion time, drift rate (v), and relative starting point (zr).
Additional elements from the diffusion model (a, t0 d,
sv, szr, and st0), described above, were also included.

All participants included in these analyses had com-
plete data for every variable, as well as a measure of de-

pression (CES-D for the college student and MTurk sam-
ples; CDI:S for the adolescent sample). The best models
were chosen not for having the absolute lowest cross-
validation error, but rather for having the fewest predic-
tors while having a mean cross-validation error that re-
mained within one standard error of the mean of the ab-
solute lowest cross-validation error (Hastie et al., 2008).
This procedure results in the selection of the most parsi-
monious model that can achieve predictive performance
comparable to that of a more complicated model. To pro-
vide a familiar index of goodness of fit and prediction, we
calculated an R2 measure appropriate for negative bino-
mial regression. The traditional R2 statistic is not appro-
priate for GLMs that utilize non-Gaussian error distribu-
tions, as its interpretation as the fraction of uncertainty
explained no longer holds. Cameron and Windmeijer
(1997) proposed an R2 measure based on the ratio of
Kullback-Leibler divergence (entropy − cross-entropy)
between the fitted and null models that generalizes this
interpretation of R2 to non-Gaussian GLMs.

Given that entropy is equivalent to the negative log-
likelihood of the saturated model, this R2 can be calcu-
lated as 1 − dev

nulldev , where dev is the deviance of the fit-
ted model and nulldev is the deviance for the intercept-
only model. We therefore abbreviate this statistic as R2

D
and refer to it as “deviance explained” to make clear the
distinction between this and the “variance explained” R2

from ordinary least squares regression. In addition to the
model-fit R2

D, which describes how well the models fit the
training data, we also calculated a predictive R2

D, using
the cross-entropies computed for the withheld folds dur-
ing cross-validation. This statistic indicates the fraction
of uncertainty in new data that the model is expected to
explain. As we also obtained 100 estimates of the predic-
tive R2

D from the cross-validation procedure (10 folds ×
10 resamples), we further resampled these results 1,000
times to obtain a bootstrap estimate of the 95% confi-
dence interval for the mean predictive R2

D.

Beyond computing diffusion model components, data
cleaning, simple modeling, and visualization were con-
ducted in RStudio (version 1.0.136) running R (version
3.3.2) with the following packages: dplyr (Wickham
& Francois, 2015), tidyr (Wickham, 2015), ggplot2
(Wickham, 2009), lme4 (Bates, Mächler, Bolker, &
Walker, 2015), and psych (Revelle, 2016). In addition,
best subset selection with repeated cross-validation was
performed using a version of R (3.2.1) compiled for high-
performance computing (HPC) with the Wrangler data
analysis system at the Texas Advanced Computing Cen-
ter (TACC), using our own R package, beset (Shumake,
2016), to parallelize model resampling.
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Results

Summary statistics for behavioral data and outcomes

Self-report data from the CES-D and CDI:S are pre-
sented along with basic demographic information per
sample in Table 1. The college student (M = 14.19; SD
= 9.71) and MTurk (M = 13.39; SD = 11.85) samples
had, on average, mildly elevated depression symptoms
on the CES-D, although symptom severity ranged mild
to severe. Similarly, the adolescent sample on average
had scores on the CDI:S indicating mild symptoms of
depression but there were cases across the range of de-
pression symptom severity (M = 2.56; SD = 3.14). De-
scriptive data for the SRET metrics are presented in Ta-
ble 2, alongside components from the diffusion model.
As a whole, participants endorsed more positive words
than negative, t(2485.5) = 62.55, p < .001, Cohen’s
d = 2.45, 95% CI [2.31, 2.61], and recalled more self-
referential positive words, t(2152.4) = 32.53, p < .001,
Cohen’s d = 1.36, 95% CI [1.26, 1.47]. They also had a
positive drift rate to positive words (ranging from 1.50 to
1.56) and a negative drift rate to negative words (ranging
from -1.56 to -2.06), indicating that, on average, partici-
pants easily rated positive words as self-referent and neg-
ative words as non-self-referent. Correlations for each
sample, between all predictors of interest, are included
in the supplementary materials (Tables S1-3). Many of
these variables were strongly correlated with each other
and depression severity.5

Best subsets analyses

For each model, at each number of predictors, the
standardized, average cross-entropy error for the train
data, cross-validation data, and test data are presented
in Figure 1. Errors are standardized for each sample
by dividing by the null model’s cross-entropy error for
that data type, such that the standardized error for the
null model is equal to 1. Across all models, standard-
ized cross-entropy error for the training data (in gray)
decreases quickly after the first two to three predictors
and then continues to decrease gradually as more predic-
tors are added to the model. For the standardized cross-
validation cross-entropy error (in red), a similar pattern is
observed for the college and MTurk samples, except that
standardized cross-entropy error becomes relatively sta-
ble after the third predictor rather than continuing to de-
crease. For the adolescent model, the standardized cross-
validation cross-entropy error (in red) begins to slightly
increase after the fifth predictor variable. Last, for the
independent test dataset (i.e., 20% of data set aside and
not used to train the models), standardized cross-entropy
error (in blue) mirrors the training and cross-validation
error for the college student sample. For the MTurk sam-
ple, change in error for the test dataset improved initially,

but started to increase for models with more than two
predictors. For the adolescent sample, there was a clear
improvement in test cross-entropy error for models with
1, 3, and 4 predictors, and then test cross-entropy error
began to increase with more predictors in the model.

Nonetheless, prediction error improved substantially
between the null model and the model with two predic-
tors, and continued to improve with three predictors for
the college student sample, and with four predictors for
the MTurk and adolescent samples. Hence, three- and
four-predictor models were selected as the best model
for each sample, as these were the most parsimonious
models that had a mean cross-validation error within one
standard error of the mean of the model with the absolute
lowest cross-validation error.

The best model for the college student sample in-
cluded three predictors: the number of negative words
endorsed (β = 0.05, SE = 0.005), drift rate (v) to positive
words (β = −0.13, SE = 0.02), and inter-trial variability
of starting point (szr; β = −0.46, SE = 0.19). This model
explained 45% and 43% of the deviance in depressive
symptom severity in the training and test samples, re-
spectively. The mean cross-validated R2

D was 0.44, 95%
CI [0.42, 0.46].

The best model for the MTurk sample included four
predictors: the number of negative words endorsed (β =

0.03, SE = 0.01), drift rate (v) to negative words (β =

0.13, SE = 0.07), drift rate (v) to positive words (β =

−0.11, SE = 0.04), and inter-trial variability of non-
decisional components (st0; β = 1.44, SE = 0.57). This
model explained 43% and 29% of the deviance in depres-
sive symptom severity in the training and test samples,
respectively. The mean cross-validated R2

D was 0.41,
95% CI [0.40, 0.43].

Last, the best model for the adolescent sample in-
cluded four predictors: drift rate (v) to positive words
(β = −0.24, SE = 0.06), drift rate (v) to negative words
(β = 0.43, SE = 0.07), relative starting point (zr) for neg-
ative words (β = 1.97, SE = 0.47), and threshold separa-
tion (a; β = −0.52, SE = 0.16). This model explained
43% and 41% of the deviance in depressive symptom
severity for the training and test samples, respectively.
The mean cross-validated R2

D was 0.40, 95% CI [0.36,
0.43].

In order to compare the consistency of the predictors
chosen by the best models, we compared R2

D across sam-
ples for the best models described above. Given that R2

D
is affected by the number of parameters, we compared
the best models with four predictors—the minimum re-
quired for the MTurk and adolescent samples—for all

5An interactive Shiny interface to explore the relation-
ships between these variables can be viewed online at
https://jdbest.shinyapps.io/shiny-comparisons/
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Figure 1. Standardized cross-entropy errors, as a function of increasing the number of predictors for each model. Cross entropy is an index of the discrepancy
between model predictions and observed data. Errors are standardized to the null model (i.e., 0 predictors) for each data type, so that the error for the null model is
equal to 1. The dotted gray line shows the standardized cross-entropy error for the training data (“train”), which is guaranteed to always decrease as the number of
predictors increase. (However, this decrease may be due to the model picking up on random chance patterns, and does not necessarily translate into better predictions
with new data.) Solid red lines show the standardized mean cross entropy across 10 repetitions of 10-fold cross-validation (“CV”), with the standard error of the mean
indicated by error bars. Models were chosen based on CV error. Dashed blue lines show the standardized cross-entropy error for an independent test data set (“test”), a
pseudo-randomly chosen 20% subset of each sample. For the college student sample, all three error curves are highly similar, likely because this sample has the largest
sample size (n = 527). With the other, smaller samples (MTurk n = 293, adolescent n = 270), there are widening discrepancies between the training error vs. the
cross-validation and test error as the number of predictors increases. These models indicate that prediction error improves substantially relative to the null, intercept-only
model (0 predictors) with the addition of between 2 and 4 predictors, and then appears relatively constant up to 10 predictors. The 3- and 4-predictor models were chosen
for each sample, as the simplest model within one standard error of the minimum of each curve.
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College Students MTurk Adolescent
(n = 572) (n = 293) (n = 270)

Positive Endorsements 20.38 (7.09) 20.00 (8.12) 20.02 (5.15)
Negative Endorsements 5.41 (5.36) 5.24 (6.41) 2.62 (4.03)

Positive, Self-Referential Words Recalled 7.39 (3.42) 5.23 (3.15) 5.14 (2.73)
Negative, Self-Referential Words Recalled 2.81 (2.91) 2.06 (2.55) 0.74 (1.44)

Positive Words Recalled 9.35 (3.51) 6.78 (3.47) 6.19 (2.88)
Negative Words Recalled 9.59 (3.60) 7.10 (3.50) 4.75 (3.43)

RT to Positive Words (ms) 829.14 (229.99) 708.33 (172.74) 906 (252.8)
RT to Negative Words (ms) 852.60 (220.56) 719.42 (171.97) 920.5 (231.2)

Drift Rate (v) to Positive Words 1.56 (1.71) 1.79 (2.11) 1.58 (1.36)
Drift Rate (v) to Negative Words -1.56 (1.39) -2.06 (1.82) -2.02 (1.28)

Relative Starting Point (zr) for Positive Words 0.57 (0.10) 0.56 (0.12) 0.61 (0.14)
Relative Starting Point (zr) for Negative Words 0.47 (0.12) 0.43 (0.13) 0.43 (0.13)

Threshold Separation (a) 1.33 (0.33) 1.22 (0.34) 1.57 (0.41)
Response Time Constant (t0) 0.521 (0.083) 0.508 (0.091) 0.594 (0.112)

Differences in Speed of Response Execution (d) 0.011 (0.034) 0.015 (0.029) 0.014 (0.046)
Inter-Trial Variability of Starting Point (szr) 0.287 (0.118) 0.297 (0.101) 0.270 (0.107)

Inter-Trial Variability of Drift (sv) 0.572 (0.208) 0.595 (0.245) 0.544 (0.214)
Inter-Trial Variability of Non- 0.228 (0.107) 0.183 (0.089) 0.236 (0.115)Decisional Components (st0)

Percentage of Contaminants (p) 0.198 (0.214) 0.163 (0.170) 0.179 (0.185)
Table 2
Behavioral data for each sample’s primary outcomes from the SRET, including outcomes from the drift diffusion model.
Standard deviations included in parentheses.

three samples; the best model with four predictors for the
college students included the three predictors described
above, and the relative starting point (zr) for negative
words. The predictors chosen by the MTurk model re-
sulted in R2

D = 0.45 in the college students, which is only
0.009 less than the best model. The predictors chosen
by the adolescent model resulted in R2

D = 0.44 in the
college students, which is 0.015 less than the best model.
The predictors chosen by the college student model re-
sulted in R2

D = 0.41 in the MTurk sample, which is 0.02
less than the best model. The predictors chosen by the
adolescent model resulted in R2

D = 0.42 in MTurk sam-
ple, which is 0.009 less than the best model. The pre-
dictors chosen by the college student model resulted in
R2

D = 0.38 in the adolescent sample, which is 0.05 less
than the best model. The predictors chosen by the MTurk
model resulted in R2

D = 0.38 in adolescent sample, which
is 0.05 less than the best model. That these models at
worst indicated 0.05 less deviance explained is indica-
tive of a strong degree of consistency. (The worst models
chosen with four predictors had R2

D of less than 0.001.)

Given that many models had comparable prediction
errors with mean cross entropy error within the 95% con-
fidence intervals of the best model’s R2

D, and given the
high degree of correlation between many of the predic-
tors, Figure 2 shows all possible two-variable models for

each sample (more than two variables would have made
this figure unwieldy). Squares for each comparison are
shaded by degree of cross-entropy error, with lower er-
rors receiving darker shading. The top and right of each
plot has predictors relating to positive valence; the bot-
tom and left of each plot has predictors relating to neg-
ative valence. Predictors in the middle come from the
diffusion model. These plots demonstrate how well each
combination of all possible two variable models predicts
depression symptom severity.

Of note are the number of negative and positive words
endorsed, and the drift rate to positive and negative
words; these variables were strongly predictive of de-
pression symptom severity in any combination. Self-
referential recall of negative words only—not positive
words—was often a strong predictor of depression sever-
ity with a second predictor, although it was chosen in
none of the best models. Also important to note is that
although several non-valenced components of the diffu-
sion model were included in the three- and four-predictor
models; in these two-predictor plots, such components
are only predictive of depression in conjunction with va-
lenced predictors.
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Figure 2. Deviance explained (R2
D) for each possible two-predictor model predicting depression for each sample. Darker shading

indicates a model that explains more of the deviance in depression symptoms, and therefore better fits the data—thus the best (high-
est R2

D) two-predictor model for each sample is solid black, whereas the worst model is very light gray. Predictors are arranged
such that the top and right variables are positively valenced, while the bottom and left variables are negatively valenced. Solid lines
divide the elements of the drift diffusion model from the purely behavioral measures of the SRET; dotted lines separate the elements
of the diffusion model that are not specific to words of one valence. Predictors that are consistently chosen for two-variable models
are highlighted by virtue of having bars of solidly dark shading.

Comparing targeted models

The best subsets procedures chose endorsements and
components of the diffusion model as the best predictors
of depression severity and did not choose predictors re-
lating to recall or reaction time. Given our interest in de-
termining the best predictors that would be sufficient to
predict depressive symptom severity, we targeted mod-
els to compare against one another using cross-validated
R2

D with bootstrapped 95% confidence intervals as a mea-

sure of predicted deviance explained. Thus, we were able
to compare in a “head to head” fashion whether specific
predictors were markedly better than others. Specifically,
we were interested in comparing how well positive and
negative word endorsements alone compared to the recall
of positive and negative words, and to the drift rate (v)
for positive and negative words. In particular, collecting
recall data and reaction time data (necessary for calculat-
ing drift rate and the diffusion model) adds experimen-
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tal time and burden to both researchers and participants.
We were therefore interested in evaluating whether this
added cost translates to a worthwhile gain in terms of
predicting depression severity.

The model with just positive and negative word en-
dorsements explained between 31% and 42% of the
cross-validated deviance, cross-validated R2

D = .42, 95%
CI [.40, .43] for the college student sample; R2

D = .35,
95% CI [.33, .37] for the MTurk sample; and R2

D = .31,
95% CI [.29, .33] for the adolescent sample. In compari-
son, the model including drift rate (v) to both positive and
negative words explained between 36% and 40% of the
cross-validated deviance: cross-validated R2

D = .40, 95%
CI [.38, .42] for the college student sample; R2

D = .39,
95% CI [.37, .41] for the MTurk sample; and R2

D = .36,
95% CI [.29, .37] for the adolescent sample. Thus, the
calculation of drift rate metrics did not result in a sub-
stantial improvement in prediction: gains in predictive
accuracy were marginal at best for the MTurk and ado-
lescent samples, and non-existent for the college sam-
ple. Models using only self-referential recall explained
between 16% and 35% of the cross-validated deviance:
cross-validated R2

D = .35, 95% CI [.33, .36] for the col-
lege student sample; R2

D = .27, 95% CI [.13, .29] for the
MTurk sample; and R2

D = .16, 95% CI [.14, .18] for the
adolescent sample. Thus, recall metrics did not just fail
to improve predictive performance—they were markedly
worse.

SRET internal consistency

For each sample (and for both time-points for the
MTurk sample), Cronbach’s alpha for all participants
was calculated using the psych package in R (Revelle,
2016). Word endorsements and reaction times (RTs)
were present for every participant, for every trial, and
thus alpha was calculated for each of these, for positive
and negative trials separately. Confidence intervals on
alpha were bootstrapped using 10,000 iterations.

Cronbach’s alpha across each sample for endorse-
ments of positive words was strong and ranged from .93,
95% CI [.91, .94] to .97, 95% CI [.97, .98]. Similarly
strong internal reliability was observed for endorsements
of negative words, as alpha ranged from .91, 95% CI
[.90, .92] to .94, 95% CI [.93, .95]. Inter-item correla-
tions were somewhat higher for endorsements of pos-
itive items than for negative, ranging from r = .34
to r = .56 for positive words, and from r = .27 to
r = .40 for negative words. The item “silly”, which had
been considered a negative word, was correlated close to
zero with the other items. Given the low loading, this
item was replaced for the adolescent sample. (Refer to
footnote 1.) However, no other item failed to correlate
with the positive or negative items, indicating strong in-
ternal reliability of endorsements. Tables of inter-item

correlations for each sample can be seen in the sup-
plementary materials (https://jdbest.github.io/
sretmodels/SRET_reliability.html).

Cronbach’s alpha across all samples for RTs to pos-
itive words ranged from .95, 95% CI [.94, .95] to .98,
95% CI [.98, .99] across samples, and for RTs to negative
words from .94 95% CI [.93, .95] to .98, 95% CI [.98,
.99]. Inter-item reaction time correlations were roughly
equivalent, and ranged from r = .40 to r = .69 for RTs
to positive words, and from r = .38 to r = .70 for RTs to
negative words. These high correlations and extremely
high alphas indicate strong internal reliability of reaction
times.

Split-half task reliability was calculated for all pre-
dictors chosen in the best subsets procedures, which in-
cluded the number of positive and negative endorsed
words, the drift rate (v) to positive and negative words,
the relative starting point (zr) for negative words, the
inter-trial variability of starting point (szr), the inter-trial
variability of non-decisional components (st0), and the
threshold separation (a). Reliability was calculated in
two ways for each variable. First, we correlated the pre-
dictor of interest on even vs. odd trials across the whole
task for each sample. Second, for the college student and
MTurk samples, for which there were three blocks of the
SRET, we correlated the predictor of interest on the first
block to the predictor of interest on the third block. Be-
cause of limits on the efficacy of the diffusion model’s
components with too few trials, these processed scores
were only calculated for the college student and MTurk
samples. Pearson’s correlation coefficient (r) was calcu-
lated for each comparison and 95% confidence intervals
on r were calculated by using 10,000 bootstrapped itera-
tions.

For endorsements, correlations were high across sam-
ples for the odd-even comparison, ranging from r = .87
95% CI [.84, .90] to r = .98, 95% CI [.97, .99] for
positive words and from r = .85, 95% CI [.80, .88] to
r = .95, 95% CI [.93, .96] for negative words. Correla-
tions were similarly high for the split-third comparisons,
ranging from r = .87, 95% CI [.84, .89] to r = .93, 95%
CI [.90, .96] for positive words and from r = .86, 95%
CI [.83, .88] to r = .95, 95% CI [.91, .97] for negative
words.

For drift rate to positive words, odd-even correlations
ranged from r = .88, 95% CI [.86, .90] to r = .91, 95%
CI [.88, .93] and split-third comparisons ranged from
r = .79, 95% CI [.76, .82] to r = .86, 95% CI [.82, .90].
For drift rate to negative words, correlations were sim-
ilarly high; odd-even correlations ranged from r = .80,
95% CI [.78, .83] to r = .86, 95% CI [.83, .89] and split-
third comparisons ranged from r = .70, 95% CI [.65, .74]
to r = .80, 95% CI [.73, .86]. For relative starting point
(zr) for negative words, correlations were consistent al-
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though not as high; odd-even correlations ranged from
r = .39, 95% CI [.32, .46] to r = .50, 95% CI [.38, .60]
and split-third correlations ranged from r = .29, 95% CI
[.22, .37] to r = .46, 95% CI [.32, .58]. That is, with
the exception of zr, behavior on valenced measures was
consistent between split portions of the task.

For the inter-trial variability of starting point (szr),
chosen as the best predictor in the college students
model, correlations were close to zero, ranging from r =

.07, 95% CI [-.02, .15] to r = .12, 95% CI [-.07, .30] for
odd-even comparisons and from r = .08, 95% CI [-.001,
.17] to r = .21, 95% CI [.06, .35] for split thirds. For
the inter-trial variability of non-decisional components
(st0), odd-even trial correlations ranged from r = .40,
95% CI [.31, .49] to r = .53, 95% CI [.37, .67], while
for split thirds, correlations ranged from r = .15, 95%
CI [.05, .25] to r = .37, 95% CI [.21, .50]. Last, for
the threshold separation (a), correlations were high; odd-
even correlations ranged across samples from r = .79,
95% CI [.75, .82] to r = .82, 95% CI [.68, .90] and split
third correlations ranged from r = .59, 95% CI [.51, .67]
to r = .69, 95% CI [.59, .77]. These metrics from the dif-
fusion model exhibited relatively low internal reliability.

SRET test-retest reliability

Mixed-effects regression models with fixed effects of
time and valence, a random intercept per participant,
and a random slope per valence, were calculated for
all valenced predictors chosen in the best subsets pro-
cedures. These models were run with participants from
the MTurk sample who had completed two time-points,
using data that passed verification checks at both time-
points (n = 167).

We examined test-retest reliability for the number of
positive and negative endorsed words, the drift rate (v)
to positive and negative words, and the relative starting
point (zr) for positive and negative words. None of the
interactions between valence and time were significant
(|t|s for drift rate and relative starting point < 1; t for en-
dorsements = −1.35; all ps ≥ .18); for models repeated
without the interaction, time was not significantly pre-
dictive (|t|s for drift rate and relative starting point < 1; t
for endorsements = −1.10, all ps > .27), indicating that
these SRET metrics were stable (i.e., not significantly
different) across time. We ran paired sample t-tests on
all predictors chosen in the best subsets procedures, all
|t|s < 0.6 and all ps > .45.

We next correlated the data from T1 and T2 across
all predictors chosen in the best subsets procedures: the
number of positive and negative endorsed words, the drift
rate (v) to positive and negative words, the relative start-
ing point (zr) for negative words, the inter-trial variabil-
ity of starting point (szr), the inter-trial variability of

non-decisional components (st0), and the threshold sep-
aration (a). We calculated 95% confidence intervals on
Pearson’s r using 10,000 bootstrapped iterations.

For number of words endorsed, one-week test re-test
correlations were high, with r = .87, 95% CI [.80, .93]
for positive words and r = .88, 95% CI [.83, .93] for
negative words. For drift rate (v), correlations were also
high, with r = .83, 95% CI [.78, .88] for positive and
r = .80 95% CI [.72, .86] for negative. For relative
starting point (zr) for negative words, the correlation was
relatively low, r = .37, 95% CI [.24, .50]. For inter-trial
variability of starting point (szr), the correlation was neg-
ative, r = −.13, 95% CI [-.29, .03]. For inter-trial vari-
ability of non-decisional components (st0), the correla-
tion was moderate, r = .41, 95% CI [.21, .60]. Lastly,
for threshold separation (a), the correlation was moder-
ate, r = .56, 95% CI [.44, .65].

These analyses indicate between moderate and very
strong test re-test reliability over a one-week period,
with the exception of the inter-trial variability of starting
point, which was poorly correlated between time points.

Discussion

These findings support a strong relationship between
self-schema and depressive symptoms. A best subsets
analysis shows that many of the aspects of the self-
referent encoding task (SRET) are strongly linked with
depressive symptom severity; this linkage was consistent
across three separate samples. Analyses indicated that
models with either three or four predictors, each using at
minimum one positive valence and one negative valence
predictor, were sufficient for explaining between 29%
and 43% of the deviance in an independent test sample,
and between 43% and 45% of the deviance in the training
dataset; cross-validated 95% confidence intervals ranged
from 36% to 43%.

Endorsements and drift rate were the most robust pre-
dictors of depressive symptom severity. (Drift rate mea-
sures ease of categorizing words of each valence as self-
referential.) Throughout samples, the best models typi-
cally included at least one positive valence variable and
one negative variable valence from endorsements and
drift rate. Figure 2 clearly indicates that these variables
were strongly associated with depression severity across
samples. That these variables were highlighted consis-
tently in all permutations indicates that they provided ad-
ditional information beyond other variables. Importantly,
even though drift rate is partially derived from whether
or not a person endorses a word as self-referent, these
variables explained unique variance in depression sever-
ity (or they both would not have been identified as best
predictors).

There was a great deal of overlap in the predictors
chosen by the best subsets regression in this study to
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those selected in previous work (Disner et al., 2016),
and more broadly to those used in the research literature.
Several findings in particular are of interest. First, the
drift diffusion model (Ratcliff, 1978; Ratcliff & Rouder,
1998), which incorporates response data and reaction
times, was important in these analyses. Of particular
note is the drift rate, the speed of accumulation of in-
formation towards making a decision as to whether pos-
itive or negative words were self-referent. This predic-
tor was included in all three of the best models, for all
three samples, providing additional evidence for the util-
ity of the diffusion model in clinical research (White et
al., 2010). Further, the best model for the adolescent
sample included only elements of the diffusion model;
no other historically utilized outcomes from the SRET
were included. It is possible that the brief forms of both
the SRET and the depression severity index used in the
adolescent sample resulted in a higher percentage of floor
responses, thus privileging a metric that takes a combi-
nation of response and reaction time into account. Im-
portantly, traditional RT methods were very poor predic-
tors of depression severity, indicating that while RT is not
problematic per se, how RT is measured and processed
appears to be very important.

It is, however, important to note that when we com-
pared models including only drift rate to positive and
negative words with models including only endorse-
ments of positive and negative words, these models were
comparable in their proportion of deviance explained.
This indicates that the models including components of
the diffusion model may not be substantially better than
those without. The effort and time required to com-
pute the components of the diffusion model should be
weighed against the possible gain that results from its
output. Second, although the recall of both positive and
negative words previously endorsed as self-referential
was considered a good predictor by the model selection
procedures (refer to Figure 2), the number of positive or
negative words recalled on their own was not strongly as-
sociated with depression severity, as recall only models
explained relatively little deviance. We believe that the
relative predictive power of self-referential recall may be
a direct corollary of the number of positive or negative
words endorsed. That is, in a sample where many partic-
ipants endorsed no negative words, the only participants
who can have a non-zero self-referential recall of nega-
tive words are those who already endorse negative words.
With the exception of studies directly investigating mem-
ory bias, collecting recall information may not be use-
ful when administering the SRET. It is important to note
that certain predictors may in fact measure somewhat dif-
ferent constructs—i.e., memory bias on the SRET stems
from biased self-reference but may be different from drift
rate.

Third, although two-predictor models were excellent
at predicting depression, best subsets analyses nonethe-
less chose models that included an additional, non-
valenced parameter. These parameters (in the college
student sample, inter-trial variability of starting point
[szr]; in the MTurk sample, inter-trial variability of non-
decisional components [st0]; and in the adolescent sam-
ple, the threshold separation [a]) relate to inter-trial vari-
ability and to reaction times. That is, the valenced param-
eters already selected for each model contain sufficient
information to differentiate between participants based
on processing of positive and negative valence; the best
method to further explain residual deviance was to use
methods that measure differential reaction speeds or dif-
ferential patterns of response (Iacoviello et al., 2014; but
note Kruijt, Field, & Fox, 2016). In Figure 2, it is clear
that these parameters do not have significant impact on
their own, but only in conjunction with the other vari-
ables selected previously in the models. And, indeed,
st0 is correlated with depression in the MTurk sample,
and both st0 and a are strongly correlated with reaction
times to both positive and negative words in the MTurk
and adolescent samples (see Table S1). (In the college
student sample, szr was not correlated with any other
variables. It additionally had low internal reliability.)

As a whole, these results were remarkably consis-
tent across all three samples (college students, MTurk
adults, and adolescents), providing a set of findings that
increases confidence in the conclusions of this work. The
endorsements and drift rate from the SRET also showed
strong psychometric properties, including high internal
consistency and high test-retest reliability. This reliabil-
ity remained high in all three samples, and both online
and in-person, indicating its utility in a variety of con-
texts. And, indeed, the predictors chosen by the best
models for each sample generalized relatively well to
the other two samples, as well as to a left-out percent-
age of each sample. That is, the predictors themselves
were very consistent across samples, even as there were
slight differences in the models chosen as “best”. How-
ever, some metrics from the diffusion model, including
relative starting point (zr) and inter-trial variability of
starting point (szr), were less consistent despite being
selected in best models.

The statistical methods we used in this study also bear
further discussion for their relative strengths. Our pro-
cedures, including both cross-validated regression and
reserving a subset of our data for testing models, rep-
resent the most rigorous of scientific recommendations
(Munafò et al., 2017; Begley & Ioannidis, 2015). By
using these techniques and likewise by running iterative
bootstrapped samples, we are able to provide not just es-
timates of confidence intervals, but also identify models
that are consistent across multiple permutations of the
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data.
Although this study was not limited in size, it

was somewhat limited in scope; participants were not
screened beyond the symptom measures for other poten-
tial diagnoses. Nor were over-sampling procedures em-
ployed to make use of clinically depressed participants,
although a number of participants in all three samples
did endorse elevated depressive symptoms as noted in
Table 2. However, many studies have utilized the SRET
with nonclinical samples (e.g., Goldstein et al., 2015;
Auerbach et al., 2016; Hayden et al., 2013), implying its
effectiveness as a dimensional measure of self-referent
processing in depression, and our samples are similar in
makeup to these studies. Measures of socioeconomic
status were not collected and thus cannot be reported.
However, given the three different samples (i.e., high
school students, college students, and adults who partic-
ipated through Amazon Mechanical Turk), it is known
that there were differing levels of education. The sam-
ples were, however, largely white, female, and somewhat
young in age. Future work may recruit targeted popula-
tions to increase diversity of SRET data in terms of race,
sex, diagnostic information, and age. Future work may
also choose to use measures of depression with multiple
dimensions, including subscales beyond those evident in
the CDI:S (Ahlen & Ghaderi, 2017).

Some past work has used a mood induction (Teasdale,
1988; Teasdale & Russell, 1983) before administering
the SRET, based on the theory that induced sad mood
may activate a latent negative self-schema. Indeed, some
research has suggested that inducing sad mood may dif-
ferentiate between those with a vulnerability to depres-
sion and those without (Kelvin, Goodyer, Teasdale, &
Brechin, 1999; Taylor & Ingram, 1999). Such an in-
duction has been occasionally used throughout the lit-
erature (e.g., Timbremont & Braet, 2004; Timbremont
et al., 2008). This relationship between induced sad
mood and depressive self-referential processing is the-
oretically rooted in cognitive vulnerability to depression,
rather than current symptomatology; as such, it was not
employed in the current studies. The inability to diag-
nose this sample, and the lack of information about past
depressive episodes and cognitive vulnerability for de-
pression, does limit the results. However, use of mood
inductions may yet be useful in research investigating
risk factors for depression.

There have been some suggestions that depressed in-
dividuals have more generally negative self-schema than
others with disorders of negative affect, including anxi-
ety (Greenberg & Beck, 1989). However, many studies
have suggested that in dysphoria and depression, not only
are negative schemas amplified but positive schemas
are also attenuated (Walker, Skowronski, & Thompson,
2003). The findings from the SRET confirm this, with

the strongly negative relationship, for example, between
number of endorsed positive words and CES-D score.
This “positive blockade” (Beck, 1967) in depression in-
vites further investigation.

This study provides further evidence for the link
across levels of analysis, between self-reference, self-
schema, and depression symptoms. Further, it highlights
the importance of measuring both positive and negative
self-schema, and using them in conjunction when in-
vestigating depression, which is often thought of as a
disorder focused on negative cognitive biases. Future
work using the SRET should consider using variables
most closely associated with depressive symptomatol-
ogy: the number of negative and positive words endorsed
and the drift rate from the diffusion model. Conversely,
we do not recommend the use of traditional reaction time
and, with the exception of research explicitly focused on
memory bias, future research may choose to drop mea-
sures of recall while still retaining sufficient information
from endorsements and drift rate to accurately predict
levels of depressive symptoms. However, we continue
to recommend additional numbers of trials—repeating
blocks for the college student and MTurk samples pro-
vided consistency in endorsement data, strong reliability,
and the ability to more effectively make use of the diffu-
sion model.

When possible or useful, given its demonstrated ef-
ficacy in our results, we do recommend the decompo-
sition of available information possible from the diffu-
sion model. Such a threshold may be met (a) when re-
search collects sufficient numbers of trials per participant
(as recommended by Voss et al., 2013, a minimum of 40
trials for maximum likelihood estimation and of 100 tri-
als for Kolmogorov-Smirnov estimation, although the 52
words presented in the adolescent sample proved suffi-
cient for Kolmogorov-Smirnov estimation in this study),
(b) when there is a theoretical use for more nuanced dis-
integration of response behavior, and (c) when there is a
theoretical utility to be provided by a predictor, i.e. the
drift rate, which incorporates all available information.
The choice of which outcomes from the SRET to use in
future research is, of course, also dependent on the theo-
retical questions being asked.

We hope that this work encourages additional psycho-
metric research with the SRET and other assessments
of cognitive bias in depression and across other forms
of psychopathology. Deepening our understanding of
cognitive biases and their relationship with the mainte-
nance of depression is an important next step in develop-
ing more targeted treatments. Findings from the current
study indicate that how the person views themselves and
the ease with which they make those determinations may
be integral to understanding—and possibly changing—
symptoms of depression among adolescents and adults.
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