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Abstract

The study aimed to: a) Identify distinct trajectories of change in depressive symptoms by mid

treatment during psychotherapy for late-life depression with executive dysfunction; b) examine 

if non-response by mid-treatment predicted poor response at treatment end; c) identify baseline 

characteristics predicting an early non-response trajectory by mid-treatment. A sample of 221 

adults 60 years and older with major depression and executive dysfunction were randomized to 

12 weeks of either Problem-Solving Therapy or Supportive Therapy. We used Latent Growth 

Mixture Models (LGMM) to detect subgroups with distinct trajectories of change in depression 

by mid-treatment (6th week). We conducted regression analyses with LGMM subgroups as 

predictors of response at treatment end. We used random forest machine learning algorithms 

to identify baseline predictors of LGMM trajectories. We found that approximately 77.5% of 

participants had a declining trajectory of depression in weeks 0–6, while the remaining 22.5% had 

a persisting depression trajectory, with no treatment differences. The LGMM trajectories predicted 

remission and response at treatment end. A random forests model with high prediction accuracy 
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(80%) showed that the strongest modifiable predictors of the persisting depression trajectory 

were low perceived social support, followed by high neuroticism, low treatment expectancy, and 

low perception of the therapist as accepting. Our results suggest that modifiable risk factors of 

early non-response to psychotherapy can be identified at the outset of treatment and addressed 

with targeted personalized interventions. Therapists may focus on increasing meaningful social 

interactions, addressing concerns related to treatment benefits, and creating a positive working 

relationship.

Introduction

Psychotherapy is an important part of the treatment armamentarium for late-life depression 

because it is well accepted by older adults and because intolerance of therapeutic 

dosages, modest efficacy, and drug interactions reduce the usefulness of antidepressants.1 

Meta-analysis of psychotherapy studies in late-life depressive syndromes documented that 

psychotherapy and pharmacotherapy have comparable efficacy.2

More than 35% of patients with late-life depression have executive dysfunction.3 

Clinical and neuroimaging studies suggest that executive dysfunction and its underlying 

pathophysiology predicts slow, poor, and unstable response of late-life depression 

to antidepressants,4,5 necessitating non-pharmacological treatments. The only available 

randomized controlled trial of psychotherapy in older adults with major depression and 

executive dysfunction documented that both Problem Solving Therapy (PST) and Supportive 

Therapy led to comparable improvement in depression and disability in the first 6 weeks of 

treatment.6,7 However, PST participants had a more prominent reduction of depression at 

weeks 9 and 12. Nonetheless, over 50% of patients with major depression did not respond to 

either therapy by treatment end.6

Responding to the need to increase the efficacy of psychotherapy for late-life depression 

with executive dysfunction, we focused on predictors of early response. Early response to 

psychotherapy predicts favorable long-term outcomes in depressed younger adults.8–10 Little 

is known about predictors of early response to psychotherapy in late-life depression and no 

studies exist in late-life depression with executive dysfunction. Detecting early risk factors 

of non-response may improve the efficacy of psychotherapy by informing the selection of 

targeted interventions.8,10

This study analyzed data of the COPE-D project, a two-site, randomized controlled trial, 

which compared the efficacy of 12 weekly sessions of PST with supportive therapy in 

older adults with major depression and executive dysfunction6,7 and had three aims. First, 

it sought to identify subgroups of depressed older patients with executive dysfunction with 

distinct trajectories of change in depressive symptoms by mid-treatment (six sessions). 

Second, it tested the hypotheses that, relative to participants with little improvement 

of depression by mid-treatment, participants with greater depression reduction by mid

treatment had higher remission and response rates and lower depression severity at treatment 

end. Third, it sought to identify baseline characteristics that predict membership to the 

subgroup of participants with a trajectory of minimal change in depression severity by 

mid-treatment. We used machine learning models because of their high sensitivity and 
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replicability of findings and their ability to detect complex (non-linear) multidimensional 

interactions among predictors.11,12

Methods

Participants

The participants were recruited by Weill Cornell Medicine and the University of California 

at San Francisco (UCSF) between December 2002 and November 2007. The study was 

approved by the institutional review board of both institutions. Inclusion criteria were: 

a) Age of ≥ 60 years; b) Non-psychotic Major Depression by SCID-R)/DSM-IV13; c) 24

item Hamilton Depression Rating Scale (HAM-D)≥2014; d) Mini-Mental State Examination 

(MMSE)≥2415; e) Mattis Dementia Rating Scale Initiation/ Perseveration domain (DRS-IP) 

≤3316; and f) Stroop Color-Word Test≤2517. Exclusion criteria were: a) Intent to attempt 

suicide in the near future; b) Current psychotherapy or psychopharmacological treatment; c) 

Axis I diagnosis other than unipolar depression or generalized anxiety disorder; d) antisocial 

personality disorder (by DSM-IV); e) dementia diagnosis by DSM-IV; f) history of head 

trauma; g) acute or severe medical illness; and h) inability to perform any activities of daily 

living even with assistance.

Measures

The primary outcome was depression severity, assessed weekly with HAM-D. 

Predictors were all continuous variables and included: (a) Disability [12-item World 

Health Organization Disability Assessment Schedule II (WHODAS-II)18)]; (b) cognitive 

impairment [Mini-Mental Status Exam (MMSE)15]; (c) executive functioning [Initiation 

Perseveration Domain of Mattis Dementia Rating Scale (DRS)]; (d) neuroticism [NEO; 

subscale of the Neuroticism, Extroversion, Openness Scale19]; (e) apathy [Apathy 

Evaluation Scale20]; (f) social support [4 subscales of the Duke Social Support Index21]; 

(g) treatment expectancy [4-item Treatment Rationale Scale22]; (h) quality of the therapeutic 

relationship [Client Perception of Therapist Scale (CPTS)23]; (i) Pain intensity [from the 

36-Item Short-Form Health Survey (SF-36)24]; and (j) vascular profile [The Framingham 

Vascular Risk Profile Scale25]. Measures were administered by trained research assistants 

who were unaware of treatment condition and study hypotheses.

Treatments

Participants received 12 weekly sessions of either PST or supportive therapy (ST)7 by 

four doctorate-level clinical psychologists and four licensed social workers. Therapists 

demonstrated treatment fidelity and adherence to both treatment manuals.6,7

Problem-Solving Therapy (PST).—The first 5 weeks of therapy focused on training in 

a 5-step problem-solving model, teaching participants to set goals, develop ways to reach 

them, formulate action plans and assess their progress towards goals. The remaining sessions 

focused on enhancing the learned skills. The last two sessions focused on relapse prevention 

planning.
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Supportive Therapy (ST).—Participants were encouraged to speak about their 

depression and contributing life events. Therapists assumed an empathetic therapeutic stance 

aiming to create a nonjudgmental environment and refrained from other specific theory

driven interventions.

Statistical Analysis

Trajectories of Depression from Baseline to Mid-treatment.—We utilized Latent 

Growth Mixture Models (LGMM)8,9,26 to discover latent subgroups with distinct trajectories 

of HAM-D change from baseline to mid-treatment (6th week). LGMM assumes that each 

individual belongs to one latent trajectory class based on their HAM-D trajectory. We fitted 

LGMM models with K (K=2 to 5) trajectories and selected the K with the minimum 

Bayesian Information Criterion (BIC). We calculated the 95% Bootstrap-t confidence 

intervals for slope from 1000 bootstrap samples.

Prediction of Response by Treatment End.—We conducted three regression analyses 

with LGMM subgroups as predictors of the 12th week outcomes: (a) HAM-D; (b) remission 

status (HAM-D ≤10); (c) response status (≥ 50% reduction in HAM-D from entry to 

week 12). The variance explained by each model was represented by adjusted R2 for the 

HAM-D comparison and by area under the curve (AUC) for logistic regression models for 

response and remission. We tested the association between LGMM trajectories and response 

outcomes in two ways – first, unadjusted using chi-square and independent two-sample 

t-tests and controlling the family wise error rate (FWER) at 5% for multiple comparisons 

using Holm’s step-down procedure; and second, adjusting for age, gender, treatment, site, 

and HAM-D score at baseline as covariates in a regression model.

Baseline Prediction of Response Trajectories with Random Forests.—We 

employed a machine learning algorithm, random forests, which considers complex 

interactions of baseline predictors. A random forest is an ensemble of classification trees 

that are fit on bootstrapped samples of data and predictions are averaged over all trees. 

A sequence of 500 to 5000 trees were grown to stabilize prediction error in a training 

set (75% of the sample; balanced for treatment condition). This allowed us to ensure 

that all predictors and all subjects have sufficient representation by growing a sufficiently 

large number of trees. We used the remaining 25% of data (test set) to estimate the 

overall prediction error of random forests using standard measures as prediction accuracy, 

specificity, sensitivity, positive and negative predictive values. The test set was held out 

from all aspects of training. We imputed missing values of predictors using proximity from 

random forest implemented with the ‘randomForest’ package in R. Since the random forest 

is a black-box algorithm, we rank the importance of each predictor using the Gini impurity 

index, a measure of the purity of each terminal node or leaf of a tree, averaged across all 

trees. It is higher when more observations in a leaf belong to one response class.

Prediction Model by a Classification Tree.—Although a random forests algorithm 

reduces the variance of the estimated prediction accuracy by averaging over multiple trees, 

it does not offer information on the contribution of each predictor. For that reason we 

employed a single classification tree, which yields a flow chart like structure that finds 
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sub-groups by repeated splitting, where each split is based on a single predictor. Each 

subgroup is represented as a terminal node (‘leaf’) and the most frequent response trajectory 

class determines the subgroup’s predicted early-response trajectory. A limitation of the 

classification tree is its high variability across samples. To address this limitation, we picked 

the five strongest predictors of the random forests based on the Gini impurity index. We 

pruned the tree to avoid overfitting by restricting the minimum observations for each split to 

n=10.

Results

A total of 221 participants were randomly assigned to PST or ST. The CONSORT table and 

characteristics of participants were reported elsewhere.6

Trajectories of Early Response to Psychotherapy

LGMM analysis sought to identify distinct trajectories of depression severity during the first 

6 weeks of treatment in the entire sample. We found two distinct linear trajectories (BIC= 

8556.0; Figure 1), an early response trajectory with declining HAM-D by mid-treatment 

and an early non-response trajectory with a persisting severity of depression (HAM-D).The 

average posterior probabilities for membership in the response trajectories were 96.8% 

and 97.8% for each group. Out of the 218 participants, 169 participants (77.5%) had an 

early response trajectory with a linear trend over 6 weeks (estimate of slope = −0.33, 

95% Bootstrap-t CI: −0.40, −0.32), whilethe remaining 22.5% had an early non-response 

trajectory showing minimal change of depression severity over 6 weeks (estimate of slope = 

−0.10, Bootstrap-t CI: −0.22, −0.06).Of the 169 participants in the early response trajectory 

subgroup, 50.3% had received PST.

At baseline, participants with an early response trajectory had less severe depression 

than participants with a trajectory of early non-response (Table 1). They also had greater 

perceived social support, lower neuroticism, greater expectancy for treatment efficacy, and 

lower capacity to get along with others. Demographic variables (age, marital status, and 

ethnicity) or treatment condition were not significantly different across LGMM trajectories.

Trajectories of Early Response and Prediction of Outcomes at Treatment End

Regression models examined the relationship of the early response/non-response LGMM 

trajectories and three outcomes at treatment end: a) HAM-D score at week 12; b) treatment 

response, i.e. 50% reduction of HAM-D from baseline to week 12; and c) remission 

(HAM-D ≤10 at week 12). The LGMM trajectories were significantly associated with 

these outcomes (Table 2). All participants with early non-response trajectories were also 

non-responders (i.e. did not achieve 50% reduction in symptom severity) at treatment end.

We conducted sensitivity analysis to assess the effects of missing data on the robustness of 

the association between early response trajectory subgroups and the remission (HAM-D<10) 

and response (50% HAM-D reduction) outcomes at treatment end. We fitted the models 

considering two extreme scenarios for the 33 participants with missing HAM-D scores at 

week 12: (a) Any individual with a missing HAM-D was considered a responder/remitter; 

(b) any individual with a missing HAM-D was considered a non-responder/non-remitter. 
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The associations between LGMM trajectories and response/remission status at treatment end 

remained, and the results of regression models were not biased due to missing cases.

Predictors of the Early Response Trajectory: Machine Learning Models

Random Forests.—Severity of depression (HAM-D) at baseline was not introduced in 

the random forests model because baseline severity of depression was part of the LGMM 

model that classified the trajectories of depression severity. This model demonstrated overall 

high prediction accuracy (80.0%) of predicting the early response, sensitivity (66.7%), 

specificity (97.5%), positive predictive values (PPV; 83.3%) and negative predictive values 

(NPV; 79.6%). The model was well-calibrated (Brier score = 0.15). We ensured that our 

training and testing sets are balanced in distribution of responders and non-responders 

and overall clinical characteristics of patients included. Based on the relative reduction 

in the Gini Impurity Index, the strongest predictors of early response/non-response were 

perceived social support, followed by neuroticism, treatment expectancy, age, and perception 

of therapist as accepting (Figure 2). For an average early non-responder (averaged over all 

predictors), increasing perceived social support by one standard deviation from the mean 

increased the probability of early response by 11.8 % and 12% for PST and ST respectively. 

Similarly, increasing treatment expectancy scores by one standard deviation increased the 

probability of early response by 12.4% and 11.4% for PST and ST respectively. Lowering 

neuroticism by one standard deviation from the mean increased the probability of becoming 

an early responder by 4.8% and 5.2% for PST and ST, respectively.

Classification Tree.—We constructed a classification tree using the three strongest 

predictors of early response of the random forest tree model. The classification tree 

highlights the probability of early-response in participants with combinations of these three 

predictors (Figure 3).

Discussion

Slow improvement of depression by the sixth session of psychotherapy predicts poor 

outcomes at treatment end (week 12) in older patients with major depression and executive 

dysfunction. High severity of depression, perceived low social support, neuroticism, low 

expectations of improvement, younger age, and the perception of therapist as less accepting 

were the strongest predictors of slow change of depression during the first six weeks of 

psychotherapy. Modifiable risk factors for poor response to psychotherapy may be targeted 

early in treatment with appropriately selected interventions and improve treatment outcomes

Low perceived social support was the strongest modifiable predictor of early risk of 

non-response to psychotherapy. The perception of low social support is a risk factor 

for development of late-life depression.27 Primary care patients who perceived their 

social relationships as unsupportive had less improvement of depression in response to 

psychosocial interventions than patients who perceived their environment as supportive.28 

Low perceived social support may be due to depression-related cognitive distortions 

of the support by others or due to the true absence of positive social interactions. 

Engagement of depressed older adults in rewarding social interactions with significant others 

predicted increase in behavioral activation and reduction of depression during ‘Engage’, 
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a reward exposure psychotherapy.29 Patients’ negative misperceptions can be addressed 

through simple cognitive interventions aimed to reduce negativity bias, common in late-life 

depression.30 Clinicians can also involve family members in treatment to facilitate social 

support and increase patients’ access to social activities available in the community.

Neuroticism also predicted early non-response to psychotherapy. High overall neuroticism 

is associated with increased risk for development of depression in older adults,31 and 

low remission rates during treatment with sertraline.32 Neuroticism is also associated with 

volume loss and hyper-metabolism in threat perception brain structures in adults.33

Negative treatment expectancy at the outset predicted minimal response by mid-treatment. 

This finding is consistent with the results of a meta-analysis, which included 8,016 patients, 

and documented that negative treatment expectancy is associated with unfavorable treatment 

outcomes.34 The relationship of therapist perception to early response to psychotherapy 

is in line with meta-analysis findings in depressed younger adults.35 It is also consistent 

with meta-analyses demonstrating that non-specific therapeutic components, such as the 

therapeutic relationship, are associated with treatment response across psychotherapies.36,37

The observation that early non-responders to psychotherapy have high severity of depression 

at baseline parallels findings of classical studies,38 although a recent meta-analysis did not 

confirm the relationship of severity of depression to psychotherapy response.39 Older age 

was a predictor of early response to psychotherapy, an observation consistent with findings 

showing that psychotherapy in older adults is at least as effective as in younger adults.39 

The type of psychotherapy (PST vs. supportive therapy) was not significantly associated 

with early response. This is not surprising since our PST and supportive therapy treated 

participants had similar trajectories of depression decline until the 6th week of treatment but 

PST led to a sharper depression decline after that point.6

The classification tree of the strongest predictors of early response offers a nuanced clinical 

view of early response prediction (Figure 3). Depressed patients who perceived their 

relationships with others as supportive had a high probability of early response. Even among 

participants with low perceived social support, those with high treatment expectancy had a 

high probability of early response, especially if they had low neuroticism scores. Among 

participants with low perceived social support and low expectations for improvement, those 

with low neuroticism were likely to have an early response to psychotherapy.

The perception of social support, the patient’s expectations of therapy, and the patients’ 

view of their therapist are all modifiable clinical factors. Systematic exposure to rewarding 

interactions with significant others may reduce depressive symptoms.29 When needed, 

therapists may address behavioral and social skill deficits and cognitive factors that 

contribute to the perception or maintenance of unsatisfying levels of social support. 

These approaches have been shown to improve both the perception of social support 

and the experience of depressive symptoms.40 Reinforcing realistic, positive treatment 

expectancy and addressing negative views about therapy and its outcomes early in treatment 

may improve outcomes. Therapists may explore patient perceptions of the therapeutic 

relationship early in treatment and project an accepting attitude. Neuroticism is a trait 
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leading to disproportional emotional responses to stressors. Even though neuroticism 

persists, its impact may be reduced through stress management approaches and mindfulness

based interventions.41

This study has several limitations. Therapists were trained and offered both PST and 

supportive therapy. This design might have introduced a therapist preference bias if 

therapists favored one of the two treatments. This bias was mitigated by selecting therapists 

without previous experience in either treatment, by offering training and by continuously 

monitoring treatment fidelity. Another limitation is the reliance on interviewer-rated 

measures for all variables of interest, with the exception of executive dysfunction. We 

acknowledge that objective and performance-based measures are preferable when available. 

Further, our sample was well educated (mean of 15 years), limiting the generalizability of 

our finding to this subpopulation. Missing data in 12-week outcomes and baseline predictors 

is a limitation of this study. However, sensitivity analyses suggested that patterns of missing 

data did not bias our results. Further, 91% of those who started treatment remained in 

treatment until the end of the trial. Our study focused on identifying predictors of response 

to PST and Supportive Therapy in depression accompanied by executive dysfunction. Lack 

of a comparable analysis in depressed older adults without executive dysfunction prevents 

any conclusion on the generalizability of our findings to late-life, major depression without 

executive dysfunction. The absence of a treatment effect in our study suggests that these 

predictors may be relevant to other psychotherapy models. However, future focused studies 

will be needed to empirically test this assertion. Similarly, future studies could investigate 

whether early modification of the predictors identified in this study improves treatment 

response. Additionally, our study focused on early risk of nonresponse. Future studies may 

expand this inquiry into predictors of relapse and recurrence after attainment of remission. 

Management of suicide risk is important with this vulnerable population. Exploratory 

analysis showed that random forest and classification tree with an outcome variable of the 

suicidal ideation item of the HAM-D at baseline identified 3 of our 5 predictors as most 

important: perceived social support (most important predictor), neuroticism, and perception 

of the therapist as accepting. Active suicidal ideation (i.e. plan or intent in the near future) 

was an exclusion criterion in this trial and, therefore, we focused our inquiry on depression 

severity as an outcome.

Finally, the random forest algorithm models complex non-linear relationships between 

predictors but renders an opaque prediction algorithm. For this reason, we have presented a 

clinically useful classification tree. While overfitting is a potential problem in sample sizes 

similar to ours, it may not have affected our results given the large number of patients 

compared to predictors in our random forests tree analysis and the large number of trees 

included and pruned in the classification tree.

In conclusion, we observed that a trajectory of depression non-response detected by week 

6 predicts poor response at treatment end. Predictors of early non-response include severity 

of depression, low perceived social support, high neuroticism, low treatment expectancy, 

younger age and perception of the therapist as less accepting. Modifiable predictors 

identified early in therapy can be addressed with targeted interventions. Encouraging 

rewarding meaningful social interactions may increase the perception of social support. 
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Emotion regulation, stress management, mindfulness, and anxiety reduction techniques 

may be helpful in patients with high neuroticism. Clarifying the mechanisms of treatment, 

conveying realistic optimism about treatment efficacy, assuming an accepting, non-critical 

stance, and facilitating a strong therapeutic relationship may address the remaining 

modifiable risk factors of early non-response and improve treatment outcomes.
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Figure 1. 
Latent Growth Mixture Model (LGMM) of estimated growth curves of depression severity 

from baseline to Week 6

Note. HAMD = 24-item Hamilton Depression Rating Scale. The Figure presents two 

LGMM trajectories of change over 6 weeks in 12-weeks of treatment, with 95% Confidence 

Intervals. Orange color represents early non-responders (22.5%). Blue color represents early 

responders (77.5%).
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Figure 2. 
Variable importance in predicting membership in growth curves of depression severity (from 

baseline to week 6) estimated by random forests

Note. Predictors are presented from top to bottom in order of importance. The horizontal 

axis represents mean decrease in Gini Impurity Index (a weighted average of reduction in 

leaf node impurities
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Figure 3. 
Single Interpretable Classification Tree

Note. The classification tree offers a clinical view of early response prediction. Probabilities 

of belonging to the right vs. left branch in the next split of the tree are presented within each 

box. Orange boxes signify higher probability to be an early responder and blue boxes signify 

a higher probability to be an early non-responder. Darker hues signify higher probability. 

Specifically, the top box indicates that 79% of participants, who had scores of perceived 

social support ≥15 had a 94% likelihood of being early responders. In contrast, 21% of 

participants of the top box had social support scores <15 and a lower overall likelihood to 

be early responders; among them, those with positive treatment expectancy scores ≥26 had a 

75% probability of early response. Participants with social support scores <15 and treatment 

expectancy scores <26 still had a 53% probability of early response if their neuroticism 

score was below 19.
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Table 2.

Association of LGMM classified early responders vs. early non-responders by mid-treatment (week 6) and 

outcome of depression at treatment end (week 12)

Predictor Outcome

Unadjusted Adjusted

Estimate/OR (95% 
CI)

p-value R2/
AUC§

Estimate/OR(95% 
CI)

p-value R2/
AUC§

Early response vs. 
early non-response 
classes

HAM-D score at 
week 12

−12.27(−14.48, 
−10.06)

<.001 0.40 −10.66(−13.13, 
−8.20)

<.001 0.45

50% Reduction 
(week 12 – baseline)

10.48(3.94, 36.36) <.001 0.65§ 14.88 (4.82, 59.32) <.001 0.75§

Remission (HAM-D 
≤10 at week 12)

15.87(4.62, 99.85) <.001 0.65§ 12.03 (3.24, 78.46) 0.001 0.74§

Note. HAM-D = Hamilton Depression Rating Sale; OR = Odds Ratio; AUC = Area Under the Curve. Early responders vs. early non-responders 
classified by LGMM are the predictors of each outcome at treatment. For the prediction of HAM-D at treatment end, a Gaussian regression model 

was fitted for HAM-D at week 6 and week 12 and the adjusted R2 is reported. Logistic regression model was fitted for the binary outcome 
variables response and remission and AUC in the ROC curve is reported. Adjusted models controlled for age, gender, treatment, site, and HAM-D 
score at baseline.
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