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Abstract

Background: Depression is a heterogeneous collection of symptoms. Prior meta-analyses using 

symptom sum scores have shown the Internet intervention, Deprexis, to be an efficacious 

treatment for depression. However, no prior research has investigated how Deprexis (or any other 

Internet intervention for depression) impacts specific symptoms of depression. The current study 

utilizes symptom-level analyses to examine which symptoms are directly, indirectly, or minimally 

influenced by treatment.

Methods: Network analysis and mean-level approaches examined which symptoms, assessed by 

the Quick Inventory of Depression Symptoms (QIDS-SR), were affected by an 8-week course of 

Deprexis compared to a waitlist in a nationally recruited sample from the United States (N = 295).

Results: Deprexis directly improved the symptoms of sadness and indecision. Change in these 

symptoms, in turn, were associated with change in early insomnia, middle insomnia, self-dislike, 

fatigue, anhedonia, suicidality, slowness, and agitation. All of these symptoms (except for 

agitation and early insomnia) show decreases with Deprexis compared to a waitlist after correcting 

for multiple comparisons. Six additional symptoms, particularly the somatic symptoms, were not 

impacted by Deprexis compared to waitlist.

Conclusions: In this sample, the efficacy of Deprexis was due to its direct impact on sadness 
and indecision. Examining treatment-related change in specific symptoms may facilitate a more 

nuanced understanding of how a treatment works compared to examining symptom sum scores. 

Symptom-level approaches may also identify symptoms that do not improve and provide 

important direction for future treatment development.
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Introduction

Several psychotherapies are considered a well-established and effective treatments for 

depression (Cuijpers, van Straten, Andersson, & van Oppen, 2008); however, limited access 

remains a major barrier to receiving treatment (Bower & Gilbody, 2005). Internet delivered 

treatment offers a cost-effective option for disseminating evidence-based treatment 

(Andersson & Titov, 2014; Bower & Gilbody, 2005). Some internet treatments have 

demonstrated acceptability and efficacy for depression (Andrews et al., 2018; Karyotaki et 

al., 2017), with meta-analytic results supporting effect sizes equivalent to those of in-person 

delivered CBT (Carlbring, Andersson, Cuijpers, Riper, & Hedman-Lagerlöf, 2018).

A number of Internet-based treatments for depression have been developed (Karyotaki et al., 

2017). One promising intervention, called Deprexis, is an individually tailored, web-based 

treatment for depression that integrates evidence-based approaches including cognitive 

restructuring, problem solving, behavioral activation, social skills training, as well as 

mindfulness and acceptance based exercises (Meyer et al., 2009). A recent meta-analysis of 

randomized clinical trials supports the effectiveness of Deprexis for reducing depression 

compared to control conditions, with a medium effect size of g = 0.54 (Twomey, O’Reilly, & 

Meyer, 2017).

In the vast majority of clinical trials, including Deprexis trials, depression severity is 

assessed by creating a depression symptom sum score, using clinician-administered or self-

report measures. This method assumes that all symptoms are equally representative of the 

syndrome. Thus, symptoms can be added together. However, depression, by definition, is a 

heterogeneous mix of symptoms. Indeed, an MDE diagnosis can be met with 227 different 

symptom combinations--all yielding the same diagnosis (Zimmerman, Ellison, Young, 

Chelminski, & Dalrymple, 2015). Furthermore, if one considers that several symptoms 

include multiple components (e.g., psychomotor retardation or agitation), then it is possible 

to meet the criteria for major depression in over 1,000 different ways (Fried & Nesse, 2015a, 

2015b). The individual symptoms assessed can differ substantially across depression 

measures (Fried, 2017) and there is little agreement over which depression symptoms are 

most important to assess (Fried, Epskamp, Nesse, Tuerlinckx, & Borsboom, 2016)

Symptom sum scores may also be problematic for measuring change in depression severity 

over time--a central aim for most clinical trials. Analysis of change over time using sum 

scores rests on two important statistical assumptions: unidimensionality and measurement 

invariance (Fried, van Borkulo, et al., 2016). Unidimensionality refers to the underlying 

factor structure of the measure. Specifically, in order to use sum scores, all of the individual 

items within the measure should load onto a single factor. This is generally not the case with 

depression measures, many of which are multifactorial. Measurement invariance refers to 

measuring the same construct across timepoints. In the case of depression scales, this 

requires confirmation that the distributions of the observed sum scores are constant across 

timepoints. This assumption is also frequently violated with the most widely used depression 

measures (Fried, Epskamp, et al., 2016).
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One solution to the sum-score problem is examining individual symptoms with network 

analysis (Fried & Nesse, 2015a). Symptom networks can be represented visually as a series 

of nodes and edges (McNally et al., 2015). Nodes represent individual symptoms. Edges are 

partial correlations between symptoms, meaning that they represent the unique relationship 

between two symptoms while controlling for all of the other symptoms in the network.

Although it is possible to examine each symptom in isolation via traditional regressions, 

there are advantages to using a network approach (Borsboom & Cramer, 2013). A symptom-

level approach can identify which symptoms directly change as a result of treatment. 

Network analysis also allows for examination of indirect effects (i.e., whether change in the 

symptom is mediated by change in another symptom), providing a better sense of how 

treatment impacts symptoms and the interplay among symptoms. .

To our knowledge, few depression studies to date have examined the effect of treatment 

using a symptom level network analysis approach (i.e., included treatment condition as a 

node in the network). In onestudy (Bekhuis et al., 2018), treatment condition (short-term 

psychodynamic supportive psychotherapy either alone or combined with pharmacotherapy) 

and symptom change scores were entered into a network analysis (N = 186). Adjunctive 

pharmacotherapy directly changed the symptoms of feeling entrapped and emotional lability. 

Notably, adjunctive pharmacotherapy may have also changed obsessive thoughts, blue 

mood, worry, low energy, and hopelessness indirectly, via changes in feeling entrapped and 

emotional lability. These interesting symptom level changes associated with treatment 

modality could not have been identified with traditional analyses relying on depression 

symptom sum scores. However, the complete a priori power, or being powered to detect all 

outcomes rather than just a single outcome (MDRC, 2016), for this sample was only 46% to 

detect halfway between a small and medium effect size (d = 0.325) for each symptom. 

Another study comparing an online CBT treatment for insomnia had 102 participants and 15 

outcomes, with an a priori total power of 14% to detect d = 0.325 across 15 outcomes 

(Blanken et al., 2019). Therefore, the previous symptom level investigations into treatment 

for clinically elevated individuals appear to have been underpowered, though a better 

powered study (N = 325, total power = 87%) indicated attention bias modification training 

affected only the depression symptom of low interest among people with remitted 

depression (Kraft et al. 2019).

Building on this prior work, the present study examined the symptom change network for 

individuals receiving Deprexis compared to waitlist control in a larger sample (N = 295) 

than many prior studies. We sought to identify which DSM defined depression symptoms 

are influenced directly and indirectly by Deprexis compared to waitlist control.

Methods

Participants

Participants (N = 295) were referred to the study by others (4%) or self-referred through 

university mailing lists (27%), and advertisements placed on Reddit.com (22%), Google 

AdWords (5%), Craigslist.com (23%), Researchmatch.org (16%), or other sites (3%). 

Advertisements described the study as a self-guided Internet intervention for depression. The 
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advertisements provided a link to a study website that provided additional information and 

screening questionnaires for those interested in determining whether they were eligible.

Inclusion criteria were: (a) age between 18 and 55; (b) English fluency; (c) reliable access to 

the Internet (i.e., dialup or broadband access); (d) willingness to provide saliva for DNA 

research; (e) presence of moderate levels of depression or greater (QIDS score > = 10) at 

time of eligibility screening; (f) treatment stability (no changes in psychotropic medication 

or psychosocial treatment in the 30 days before study entry); and (g) living in the United 

States of America. Exclusion criteria for these analyses were: (a) presence of psychotic or 

substance use symptoms via self-report on the Psychiatric Diagnosis Screening 

Questionnaire (Zimmerman & Mattia, 2001); (b) a diagnosis of bipolar disorder via semi-

structured interview; or (c) suicidal risk (defined as having suicidal ideation with intent 

with/or without a plan in the last 90 days or attempting suicide in the past year). Participant 

characteristics are presented in Table 1.

Procedure and Study Design

This was a parallel-group pragmatic randomized controlled trial. Participants who met 

inclusion/exclusion criteria were randomized to one of two groups: (a) immediate access to 

Deprexis (treatment, N = 219) or (b) access to Deprexis after an 8-week delay (waitlist, N = 

76). Subjects provided written informed consent after receiving a complete description of 

the study. The overall procedure and trial design are described in more detail in the original 

publication (Beevers et al., 2017; Also see NCT01818453). This current study only involves 

people for whom we have complete pre and post treatment data on all depression symptoms 

(N = 295, see the CONSORT Diagram in the Supplementary Material Section 1), as network 

analyses require complete data and can be distorted by assumptions about missing values 

(Borsboom et al., 2017). This complete case approach could somewhat bias results if 

treatment condition or baseline symptom level predicted subsequent attrition (original N = 

376). A two-sample test for the equality of proportions with continuity correction indicated 

that retention did not significantly differ across treatment conditions, X2(df = 1) = 0.04, p = 

0.85. Neither individual symptom scores at baseline nor the depression sum score at baseline 

predicted attrition (See Supplemental Materials, Section 2). Using complete power, which 

accounts for being powered to test all outcomes in a study instead of just one (MDRC, 

2016), this study had 82% a priori power to detect an effect size halfway between small and 

medium (d = 0.325) for 16 outcomes.

Measure

Participants self-reported their depression symptoms immediately pre- and post-treatment or 

waitlist using the Quick Inventory of Depression Symptoms (QIDS-SR; (Rush, Trivedi, et 

al., 2003). The QIDS-SR is sensitive to change with medications, psychotherapy, or somatic 

treatments (Rush et al., 2006), assesses all nine DSM 5 symptoms of depression (American 

Psychiatric Association, 2013; Rush et al., 2006), and is highly correlated (r = 0.84) with 

clinician rated depression assessed by the Hamilton Depression Rating Scale (Rush, Trivedi, 

et al., 2003). The measure contains 16 items, as the items assess both parts of compound 

symptoms and all stages of insomnia, rated on a scale from 0–3 (e.g. for sadness: 0 = “I do 

not feel sad”; 3 = “I feel sad nearly all the time”).
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Treatment

Deprexis is an Internet-based intervention designed for adults with symptoms of unipolar 

depression (Meyer et al., 2009). The intervention consists of 10 content modules 

representing different psychotherapeutic approaches, plus one summary module, each of 

which can be completed in 10 to 60 min, depending on the user’s reading speed, interest, 

motivation, and individual path through the program. Modules are organized as simulated 

dialogues in which the program explains and illustrates concepts and techniques, engages 

the user in exercises, and continuously asks users to respond by selecting from response 

options. The modules cover a variety of therapeutic content that is broadly consistent with a 

cognitive–behavioral perspective, although the program is not restricted to one CBT manual. 

Instead, the program provides a variety of relevant therapeutic approaches and fits within the 

broad array of contemporary CBT. For more detail, see prior publications (Meyer et al., 

2009).

Control Condition

Participants in the control condition were not influenced or advised to change their existing 

treatment plan (should one be in place). They were informed that they could receive access 

to the Deprexis program after an 8-week waiting period. Therefore, with respect to gaining 

access to Deprexis, this is a waitlist control condition, albeit with the caveat that participants 

were permitted to use any other treatments available to them (i.e., care as usual). This 

comparison condition was chosen in line with the logic governing pragmatic randomized 

control trials: to maximize external validity and test whether the intervention improves 

outcome compared with the heterogeneous care realities characterizing most health care 

systems. Participation in antidepressant and psychotherapy treatment was assessed and 

examined.

Analytic Plan

We first created residualized change scores for each symptom by predicting the post-

treatment/waitlist score of each individual symptom with the baseline score of the symptom 

in a linear regression and extracting the residuals for each individual. We then used these 

continuous residuals for each symptom and a binarized treatment variable (0 = waitlist, 1 = 

immediate treatment) to estimate a network using a Mixed Graphical Model. A Mixed 

Graphical Model allows us to estimate binary and continuous variables in the same network 

(Haslbeck & Fried, 2017).

These network models include each variable as a node that is connected to other variables, 

or nodes, in the network via edges. Each network edge represents a unique partial 

association between two variables that accounts for all other nodes included in the network. 

Therefore, the network will allow us to identify which symptoms were directly changed by 

the treatment versus waitlist above and beyond their associations with changes in other 

symptoms.

To avoid topographical overlap, which can bias the interpretations of the network, we 

empirically assessed if any nodes were overlapping using the networktools package (Jones, 

2018) in R (Version 3.6, R Core Team, 2019). Specifically, we followed standard practice 
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and assessed whether 25% or fewer of the correlations with other symptoms significantly 

differed across each pair of nodes. In other words, we assessed whether the associations with 

other symptoms were so strongly overlapping between two nodes that estimating them 

separately could bias the network’s conclusions.

To avoid the inclusion of spurious relationships in our model, we utilized the LASSO 

regularization technique (Tibshirani, 2011) to shrink all edge-weights based on a set 

parameter. We used the extended bayesian information criterion as its estimates converge to 

known true networks in simulations as sample size increases (Ravikumar, Wainwright, & 

Lafferty, 2010). We also set the hyperparameter within this criterion to 0.00 to allow for 

regularization while still allowing for discovery of true unique associations (Epskamp, 

Borsboom, & Fried, 2018). Under these penalties, smaller, potentially spurious edge-weights 

shrink to a value of 0. The present network was fitted using the R-package mgm version 1.2–

4 and was visualized using the qgraph version 1.5 R-package.

In keeping with existing robustness techniques (Epskamp et al., 2018), we evaluated the 

accuracy of our edge-weights using bootstrapped 95% CIs. CIs were calculated using the 

range of 100 bootstrapped samples for each edge-weight, with larger edge-weight CIs 

indicating more variable and less precise estimates for those edges (Fried & Haslbeck, 

2018).

We also conducted t-tests with residualized symptom scores as the outcome and treatment 

group as the individual variable. We also calculated effect sizes for treatment on each 

symptom. To correct for multiple comparisons (16 comparisons, one for each symptom), we 

used the Holm-Bonferroni approach. After this correction, any p-values less than .05 were 

taken to mean there was a significant treatment effect on the symptom. We then cross-

validated, or tested the potential out-of-sample performance, all models where there was a 

significant effect of treatment (Yarkoni & Westfall, 2017).

Results

Descriptive statistics for all individual symptoms on the QIDS-SR are presented by time 

(baseline, post-treatment/waitlist) and treatment group (immediate, waitlist) in Table 2. As 

this sample differed slightly from the previously reported sample, we calculated the effect of 

treatment on QIDS-SR sum score (See Supplementary Section 3 for Cronbach’s alpha at 

both pre- and post-). The effect of treatment on sum score depression was significant and 

large (p < .001, d = 0.90). None of the individual symptoms differed by treatment group at 

baseline after correcting for multiple comparisons.

Utilization of concurrent treatment did not differ across randomized groups (see 

Supplementary Materials, section 4). Importantly, the symptom change network had 

adequate accuracy. The goldbricker function from the summarytools package indicated 

changes in middle insomnia and changes in early insomnia, changes in appetite gain and 

weight gain, and changes in anhedonia and changes in fatigue as pairs had overlapping 

enough associations with other symptoms (i.e., fewer than 25% of their associations with 

other nodes in the network significantly differed from one another) that estimating them 
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together in the network could bias its conclusions. We therefore created composites of these 

pairs of symptoms to include in the network and standardized all symptom change variables 

to put all nodes on the same scale. No other nodes in the symptom change network were 

empirically overlapping. We assessed changes in all symptoms separately in non-network 

analyses. There were many edges with non-overlapping confidence intervals and edges not 

included in the network were all estimated as greater than 0 in less than 10% of the 

bootstrapped samples (see Supplementary Materials, section 5).

The symptom network revealed that treatment directly caused decreases in sadness and 

indecision (Figure 1). Changes in an additional eight symptoms/seven nodes (early 

insomnia, middle insomnia, self-dislike, fatigue, anhedonia, suicidality, slowness, and 

agitation) were one node removed from being directly associated with treatment (i.e., were 

indirectly associated with treatment via changes in sadness, changes in indecision, or both). 

Changes in four symptoms/three nodes (late insomnia, appetite loss, appetite gain, and 
weight gain) were two nodes removed from being directly associated with treatment (i.e., 

was indirectly associated with treatment via change in sadness, indecision, and then changes 

in either middle insomnia, slowness, suicidality or fatigue/anhedonia). Changes in weight 
loss were three nodes removed from being directly associated with treatment (i.e. was 

indirectly associated with treatment via changes in sadness, changes in indecision, or both, 

then changes in at least one of and then changes in either at least one of middle insomnia, 

slowness, suicidality or fatigue/anhedonia, and finally changes in at least one of appetite 

loss, appetite gain, and/or weight gain). Changes in one symptoms/one node was not 

associated, even indirectly, with treatment (hypersomnia). This general pattern was robust to 

whether we used residualized scores or raw change scores (see Supplementary Materials, 

section 6).

Differential treatment-related symptom change is also observed in treatment effect sizes on 

individual symptoms. Effect sizes ranged from d = 0.01 (favoring immediate treatment ) for 

hypersomnia to d = 0.81 for sadness (favoring immediate treatment). See Figure 2 for a 

visual depiction of treatment effect sizes for all symptoms.

The largest effect sizes were for the symptoms identified by network analyses as being 

directly targeted by treatment (d = 0.81 for sadness and d = 0.72 for indecision). After using 

a Holm-Bonferroni correction for multiple testing, treatment significantly improved sadness 
(p < .001), indecision (p < .001), fatigue (p < .001, d = 0.61), suicidality (p = .002, d = 0.57), 

self-dislike (p = .001, d = 0.56), anhedonia (p .001, d = 0.54),, slowness (p = .01, d = 0.46), 

and middle insomnia (p = .01, d = 0.44). We used 10-fold cross-validation repeated 10 times 

to evaluate the out-of-sample prediction of symptom improvement by treatment condition 

for each significant effect , and the findings generalized well to out of sample data 

(maximum variance predicted drop-off from original data to predicted R2 for out-of-sample 

data = 1.4%, see Supplementary Materials, section 7). Treatment marginally improved 

slowness (p = .097) and did not significantly improve early insomnia, middle insomnia, late 
insomnia, hypersomnia, appetite loss, appetite gain, weight loss, weight gain, and agitation 
(all p values following Holm-Bonferroni correction = 1).
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Discussion

Taking a symptom-level approach to treatment efficacy, Deprexis directly decreased two 

symptoms (sadness and indecision), indirectly decreased six other symptoms (self-dislike, 

suicidality, anhedonia, fatigue, slowness, and middle insomnia), and did not significantly 

change half of the symptoms (early insomnia, late insomnia, hypersomnia, appetite loss, 
appetite gain, weight loss, weight gain, and agitation). Although prior work with this sample 

found an overall reduction in depression symptoms using a sum score (Beevers et al., 2017), 

analyses from the present study clearly reveal that treatment had a differential impact on 

symptoms of depression.

The wide heterogeneity in treatment effects on symptoms, with effects ranging from d = 

0.01 (favoring immediate treatment) for hypersomnia to d = 0.81 for sadness (favoring 

immediate treatment), is especially notable given the previously observed meta-analytic 

effect size of g = 0.54 for Deprexis on depression sum scores (Twomey et al., 2017). In the 

present study, six symptoms (sadness, indecision, fatigue, suicidality, self-dislike, and 

anhedonia) had an effect size of at least d = 0.54. This indicates Deprexis may be more 

effective for these symptoms than would be expected based on sum score data. On the other 

hand, this result also implies that Deprexis could be less effective for many other depression 

symptoms.

Nine of the ten Deprexis treatment modules (Psychoeducation, Behavioral Activation, 

Cognitive Modification, Acceptance and Mindfulness, Problem-solving, Childhood 

experiences, Interpersonal Skills, Positive Psychology, and Emotion-Focused) primarily 

target emotions and thoughts rather than vegetative symptoms. Only one module 

(Relaxation, Physical Exercise, and Lifestyle Modification) primarily target vegetative 

symptoms. Therefore, it appears that Deprexis may be able to effectively change, directly or 

indirectly, symptoms that are explicitly targeted by a vast majority of its modules. Future 

work using larger samples could use baseline characteristics and treatment module usage to 

directly predict who will be more likely to improve on certain symptoms (e.g., perhaps 

people who more often utilize the Relaxation, Physical Exercise, and Lifestyle Modification 

module will be more likely to improve on vegetative symptoms) similar to prior work 

predicting response using depression sum scores (Pearson, Pisner, Meyer, Shumake, & 

Beevers, 2018).

Importantly, this pattern of differential treatment effects is obscured when sum scores are 

used to examine change in depression symptom severity. Other Deprexis trial data should be 

examined at the symptom-level to determine whether treatment consistently has strong, 

positive effects for these six symptoms and weaker or null effects for other symptoms. Given 

the minimal reduction in variance explained in the cross-validated models for the prediction 

of symptom change by treatment condition, we expect the results to replicate out-of-sample. 

It would also be very interesting to determine whether a similar pattern of symptom change 

is observed for other treatment modalities, including more traditional CBT and/or 

pharmacotherapy (cf. Bekhuis et al., 2018).
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One of the directly targeted symptoms, sadness, has been previously identified as a more 

central symptom of adult depression in cross-sectional network analyses (e.g., Beard et al., 

2016; Fried, Epskamp, et al., 2016; Santos, Fried, Asafu-Adjei, & Ruiz, 2017). Network 

theory predicts that effectively targeting central symptoms within the network will lead to a 

cascading decrease in other symptoms (Borsboom, 2017). In line with that idea, treatment 

directly decreased sadness and, in turn, was associated with significant decreases in all 

symptoms (middle insomnia, self-dislike, suicidality, slowness, anhedonia, and fatigue) 

connected to change in sadness. However, in the current design, change in sadness and other 

symptoms were measured using the same two time points. Future symptom-level focused 

studies could measure symptoms more frequently to make stronger claims about cascading 

decreases in symptoms.

In addition, the treatment directly changed indecision, a symptom rarely identified as a more 

central symptom of depression (Bringmann, Lemmens, Huibers, Borsboom, & Tuerlinckx, 

2015). Prior work using temporal designs has shown that indecision was more likely to be 

predicted by other symptoms (e.g., indegree strength) but did not predict change in other 

symptoms (e.g., outdegree strength) over time (Bringmann et al., 2015). Previous 

interpretations of temporal networks have emphasized symptoms with high outdegree 

strength as potentially fruitful targets for intervention (e.g., Rubel, Fisher, Husen, & Lutz, 

2018). However, in the current study, change in indecision was associated with significant 

decreases in three symptoms (slowness, anhedonia, and fatigue) but also non-significant 

decreases in two other symptoms (early insomnia and agitation). Given this pattern of 

results, perhaps future investigations should consider whether high indegree symptoms may 

be higher value intervention targets than previously considered.

To determine whether change in sadness or indecision has a unique cascading effect on other 

symptoms, a randomized intervention that specifically targets one node or the other, but not 

both, would need to be developed. This “fat hand” problem, where interventions target 

multiple potential causal mechanisms rather than a single one, can impede the identification 

of causal mechanisms (Eberhardt, 2009). Interventions designed to target specific symptoms 

could be helpful for better understanding how and when changes in certain symptoms lead to 

changes in other symptoms.

Identifying which interventions directly target which symptoms could be clinically useful. 

There has been a long-standing debate over whether all psychological treatments are equally 

effective in addressing mental health problems (Huibers & Cuijpers, 2015; Marcus, 

O’Connell, Norris, & Sawaqdeh, 2014; Wampold et al., 2017). However, it may be the case 

that treatments have a similar impact on depression sum scores, but the pattern of symptom 

change may differ across treatment modalities. For instance, a recent review found that many 

psychological treatments for depression were similarly efficacious (Cuijpers et al., 2008), 

but symptom network change could be quite variable across these treatments. Additionally, 

different treatments may impact the same symptoms via different causal processes (Jones, 

Heeren, & McNally, 2017), and including these processes in addition to symptoms in future 

networks may help further elucidate these differing causal processes (e.g., Kraft et al., 

2019).
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Further, a symptom-level approach could allow for optimally combining treatments by 

identifying treatments that target different symptoms within the network. For example, the 

symptoms not targeted by Deprexis in this study were primarily related to sleep and appetite 

(early insomnia, late insomnia, hypersomnia, appetite loss, appetite gain, weight loss, weight 
gain, and agitation). Combining Deprexis with an internet intervention that targets sleep 

(e.g., Carney et al., 2017) could result in greater symptom change across the network than 

combining Deprexis with an intervention that leads to change in a similar set of symptoms. 

Investigating a variety of interventions at the symptom-level using methods similar to this 

study could promote more optimal treatment combinations.

There are limitations to the current analysis that can be addressed by future studies. 

Depression symptoms were self-reported, and while the overlap between clinician reported 

depression and self-reported depression is high (Rush et al., 2003), it is possible that 

symptom-level dynamics may differ across informants, though previous investigations have 

yielded minimal differences (e.g., Moshier et al., 2018). Future studies utilizing multi-

informant reports could therefore measure each symptom using more than one questionnaire 

item, which could increase the reliability and validity of symptom-level measurement 

(Flake, Pek, & Hehman, 2017). Further, as non-DSM and DSM defined symptoms of 

depression appear to be equally central to depression when estimated in the same network 

(Fried, Epskamp, et al., 2016), future analyses could examine the effects of treatment on 

non-DSM symptoms. However, the current analysis does provide evidence of which DSM 

defined depression symptoms may be specifically affected by Deprexis. The current analyses 

also do not include post-treatment follow-up, limiting our ability to draw conclusions about 

long-term effects.

In conclusion, this study provides a framework for examining treatment efficacy at the 

symptom-level. Understanding the effects (or lack thereof) of interventions on specific 

symptoms could facilitate a variety of theoretical and clinical advances. For example, 

symptom-level knowledge could help us better understand how treatments work and more 

effectively prescribe combined treatments that target non-redundant symptoms. Ultimately, 

taking a symptom-level approach to depression treatment could allow us to address a 

heterogeneous syndrome with appropriately heterogeneous treatments rather than one-size-

fits-all programs.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
A network analysis of unique associations between Deprexis versus Care As Usual and 

depression symptom change
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Figure 2. 
Raincloud plots of individual depression symptom change in Deprexis and Care As Usual. 

Symptoms are presented from largest to smallest treatment effects. Raincloud plots allow us 

to visualize the distribution, boxplot, raw data, and effect size with a confidence interval for 

each treatment group, an improvement on other visualizations that give less complete 

information about the data (Allen, Poggiali, Whitaker, Marshall, & Kievit, 2018)
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Table 1.

Study sample characteristics.

Variable Treatment
(n = 219)

Waitlist
(n = 76)

Total
(n = 295)

n % n % n %

Gender Female 162 74.0 60 79.0 222 75.2

Male 56 25.6 15 19.7 71 24.1

Transgender 1 0.5 1 1.3 2 0.7

Mean age (SD) 30.8 (10.4) 33.7 (11.9) 31.6 (10.9)

Marital Status Single 141 65.3 53 69.7 194 66.4

Married 41 19.0 13 17.1 54 18.5

Divorced 28 13.0 6 7.9 34 11.6

Separated 0 0.0 1 1.3 1 0.3

Common Law Marriage 5 2.3 3 4.0 8 2.7

Widowed 1 0.5 0 0.0 1 0.3

Race American Indian or Alaska Native 2 0.9 0 0.0 2 0.7

Asian 15 6.9 6 7.9 21 7.1

Black or African American 9 4.1 1 1.3 10 3.4

White 170 77.6 63 82.9 233 79.0

Multiple Races 15 6.9 4 5.3 19 6.4

None of the above 4 1.8 0 0.0 4 1.4

Decline to answer 4 1.8 2 2.6 6 2.0

Ethnicity Hispanic or Latino 29 13.2 4 5.3 33 11.2

Not Hispanic or Latino 186 84.9 70 92.1 256 86.8

Unknown / Decline to answer 4 1.8 2 2.6 6 2.0

Education High school graduate or less 24 11.3 11 14.5 35 12.1

1 year of college or technical school 13 6.1 8 10.5 21 7.2

2 or more years of college 42 19.6 12 15.8 54 18.6

Associates degree or technical degree 6 2.8 5 6.6 11 3.8

College degree 78 36.4 27 35.5 105 36.2

Postgraduate degree 51 23.8 13 17.1 64 22.1

Income (SD) 60,772 (54,489) 56,522 (56,903) 59,598 (55,088)

Antidepressant No 134 61.2 38 50.0 172 58.3

Yes 85 38.8 38 50.0 123 41.7

Therapy No 156 71.2 53 69.7 209 76.6

Yes 63 28.8 23 30.3 86 23.4
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Table 2.

Descriptive Statistics of QIDS-SR Depression Symptoms

Wait-List Deprexis

Symptom Pre Post Pre Post p

Early Insomnia 1.78 (0.92) 1.43 (0.98) 1.52 (1.01) 1.08 (0.98) 0.64

Middle Insomnia 1.79 (0.88) 1.62 (1.01) 1.55 (1.02) 1.12 (0.97) 0.73

Late Insomnia 0.96 (1.09) 0.72 (0.95) 0.68 (0.95) 0.55 (0.89) 0.73

Hypersomnia 0.86 (0.83) 0.67 (0.81) 0.91 (0.93) 0.69 (0.84) 1.00

Sadness 2.00 (0.73) 1.84 (0.83) 1.94 (0.73) 1.20 (0.84) 1.00

Appetite Loss 0.51 (0.76) 0.41 (0.64) 0.57 (0.79) 0.31 (0.66) 1.00

Appetite Gain 1.03 (1.17) 0.61 (1.05) 1.01 (1.17) 0.46 (0.90) 1.00

Weight Loss 0.46 (0.92) 0.38 (0.73) 0.49 (0.88) 0.23 (0.55) 1.00

Weight Gain 0.92 (1.25) 0.75 (1.03) 0.84 (1.05) 0.46 (0.87) 1.00

Indecision 1.66 (0.66) 1.54 (0.74) 1.72 (0.67) 1.03 (0.86) 1.00

Self-Dislike 1.89 (1.14) 1.46 (1.10) 1.83 (1.10) 0.89 (1.05) 1.00

Suicidality 0.88 (0.80) 0.68 (0.82) 0.89 (0.83) 0.35 (0.62) 1.00

Anhedonia 1.50 (0.82) 1.30 (0.86) 1.60 (0.84) 0.87 (1.01) 1.00

Fatigue 1.68 (0.72) 1.54 (0.86) 1.67 (0.78) 1.00 (0.97) 1.00

Slowness 0.88 (0.73) 0.72 (0.76) 0.86 (0.79) 0.43 (0.68) 1.00

Agitation 1.04 (0.97) 0.72 (0.86) 0.99 (0.91) 0.61 (0.78) 1.00

Total 15.20 (3.53) 13.00 (3.90) 15.04 (3.94) 8.92 (5.43) 1.00

Note. p indicates the p-values when comparing symptom severity across groups at baseline. To correct for multiple comparisons, p-values were 
Holm-Bonferonni corrected such that any p-values < 0.05 indicate a significant difference. Degrees of freedom = 117.26 – 149.79 following 
Satterthaite-Welch adjustment.
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