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Objectives: The high percentage of failed clinical trials for anti-depressant medications,
especially in elderly populations, obscures the fact that some patients may benefit greatly
from treatment.Early detection of patients who may benefit most from antidepressant
medication may improve treatment decisions.We examined whether depressed patients
in a large clinical trial exhibit distinct trajectories of early symptom change that predict
differential response to medication or placebo. Methods: We reanalyzed data of 174
patients aged 75 years and older with unipolar depression who were randomly as-
signed to citalopram or placebo.We used growth mixture modeling to identify trajectories
of early change (weeks 1–4) on the Hamilton Rating Scale for Depression in the citalopram
and placebo conditions. Results: In the citalopram condition, two distinct trajectories
of early change were detected that were associated with significantly different symptom
reduction, but only one trajectory was detected for the placebo condition. One of the
early trajectories of patients receiving citalopram (N = 33) showed significantly better
symptomatic change than placebo; the other trajectory (N = 51) did not differ signifi-
cantly from placebo.Poor baseline functional scores predicted trajectory membership,
so that individuals with a score below 4.5 on baseline instrumental activities of daily
living showed a higher tendency to be in the trajectory that outperformed placebo.
Conclusions: The subgroup of citalopram-treated patients exhibiting better symptom
trajectory early in a trial are likely to have beneficial outcomes relative to placebo.
Future research should focus on developing reliable pre-treatment clinical and bio-
logical measures to identify this subgroup. (Am J Geriatr Psychiatry 2017; 25:654–661)
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Major depressive disorder (MDD) in the elderly
has many negative consequences, including

functional decline and a higher risk for other ill-
nesses, such as dementia, and its healthcare costs are

high.1–3 The current gold standard for the treatment of
MDD is antidepressant medications,4 but even with
maximal treatment many patients fail to experience
sustained remission of their depression.5 Better
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pharmacological options for treating MDD are ur-
gently needed, but a rise in failed trials of putative
antidepressant agents6,7 has made the development of
effective treatments difficult and expensive. This “psy-
chopharmacological crisis”6 is especially troubling
among the elderly population.

It has recently been suggested that aggregated data
from many individuals may mask inter-individual
variability8–10 because some patients demonstrate a clear
advantage for a given medication over placebo, whereas
for others this is not the case.11 The complex etiology
of late-life depression may result in distinct clinical de-
pression subtypes based on their underlying biology,
each requiring a different treatment approach.12 Only
some of these subtypes may respond to medication.
Indeed, patient cohorts included in current antide-
pressant trials for the elderly show a heterogeneous
response to antidepressants,13 which may have con-
tributed to treatment failure for the cohort as a whole.
Such failures increase the cost of drug development,
delay marketing, and eventually limit treatment for pa-
tients who could benefit from the medication. Early
detection of responsive patients can aid in decision-
making, improve response rates, and lower costs by
focusing on patients who could benefit most from treat-
ment and referring others to alternative treatment
options.

Advanced statistical tools can help identify dis-
tinct trajectories of change in different subpopulations
within the same cohort. In a re-analysis of the data from
a clinical trial of duloxetine, Gueorguieva et al.14 iden-
tified distinct trajectories for responders (76.3% of the
sample) and nonresponders (23.7% of the sample) in
an antidepressant-treated subsample, whereas placebo-
treated patients were characterized by a single response
trajectory. Patients in the “responders” trajectory had
better treatment outcomes than the placebo group,
whereas those in the “non-responders” trajectory had
poorer outcomes than the placebo group. Although
these findings are promising, they are currently re-
stricted to younger populations, and have not yet been
studied in the elderly. Furthermore, trajectories of
change were evaluated based on data that is available
only at the end of treatment, limiting the clinical use-
fulness of identifying non-responders. Evaluating early
trajectories of change as predictors of treatment
outcome is more relevant for practical use.

In the present study we conducted a secondary
analysis of a randomized controlled trial (RCT)

comparing medication with placebo in patients diag-
nosed with unipolar depression, aged 75 years and
older. This large, well-conducted study failed to find
significant outcome differences across the entire sample
between participants randomized to citalopram and
those receiving placebo. In the current study, however,
we were interested in determining whether it is pos-
sible to identify a significant medication-responsive
subgroup of participants based on distinctive trajec-
tories of early symptomatic change. We chose to focus
on the first four symptom assessments, because most
previous reports have used between three15 and five16

sessions for detecting early change in treatment. We
reasoned that choosing the first four sessions can
produce clinically meaningful information early enough
to affect subsequent treatment, including the possi-
bility of switching to a different treatment when
necessary.17

METHODS

Sample and Clinical Trial Procedures

The procedures used in this multi-site, placebo-
controlled RCT have been previously described.13

Briefly, 174 community-dwelling men and women
aged 75 years or older who met DSM-IV criteria (based
on a Structured Clinical Interview for DSM-IV Axis I
Disorders interview) for non-psychotic unipolar de-
pression (single or recurrent), with a baseline 24-
item Hamilton Rating Scale for Depression (HRSD18)
score of 20 or higher, participated in this 8-week RCT.
All patients began the trial with a one-week, single-
blind placebo lead-in, with the baseline visit conducted
at the end of the lead-in period. Patients were ran-
domized in 15 centers to citalopram (20 mg/day) or
matched placebo at a ratio of 1:1 only if they contin-
ued to meet inclusion and exclusion criteria at the
end of the placebo lead-in period. At the end of the
fourth week, patients with an HRSD score less than
10 had their medication dose increased to two pills
per day (i.e., 40 mg of citalopram, or two placebo
pills). Clinical assessments were conducted at base-
line and at weeks 1, 2, 3, 4, 5, 6, and 8 (final week).
For this analysis, baseline and weekly assessments of
the HRSD were used, together with the intake assess-
ment of the instrumental activities of daily living
(IADL19).

655Am J Geriatr Psychiatry 25:6, June 2017

Zilcha-Mano et al.



Statistical Analyses Overview

Identifying Early Trajectories of HRSD Scores Across
Treatment

To identify distinct trajectories of HRSD scores across
early treatment (weeks 1–4), we used growth mixture
modeling20–22 with the lcmm package of the R software
environment.23,24 To examine whether distinct early tra-
jectories emerged for patients in the citalopram and the
placebo conditions, we tested the fit of separate models
for each condition. We considered linear, quadratic,
square root, and cubic trends over time, with one to
three trajectory classes. The selection of the best model
was based on the Akaike information criterion (AIC)
and the Lo-Mendell-Rubin (LMR) likelihood ratio test.25

LMR is used to select the number of classes by evalu-
ating whether a model with one class fewer than the
fitted model describes the data as accurately as the fitted
model. We assessed classification accuracy using the
entropy value, ranging between 0 and 1, with values
closer to 1 corresponding to better classification accuracy.

Note that the LMR likelihood ratio test (LRT) sta-
tistic does not have a χ2 distribution because of
boundary conditions, but its distribution can be de-
termined empirically by bootstrapping. First, we
estimated both the k-class and the k-1-class model and
calculated the observed LMR LRT value. Next, we gen-
erated 100 samples using the parameter estimates from
the k-1-class model, and for each generated sample we
obtained the log likelihood value for both the k-1 and
the k-class model, enabling us to compute the LRT
values for all generated samples. Finally, we calcu-
lated the p value for the LRT by comparing its observed
value to the estimated null distribution.

Prediction of Early Trajectory Based on Pre-Treatment
Characteristics

We conducted decision tree analyses26 with the R
party package,27 using random forest variable selection28

and Monte Carlo simulation for multiple-testing
adjustment.29 We used the following baseline charac-
teristics as potential predictors of trajectory assignment
in the citalopram condition: age, sex, education, age
of first MDD episode, symptom severity (assessed as
the Hamilton score at intake), baseline instrumental ac-
tivities of daily living (assessed using the IADL), and
study site.

Trajectory Assignment as a Predictor of HRSD
Reduction Across Treatment and Clinical Response

Because the separate analysis revealed two early tra-
jectories of the subsample receiving citalopram, and
only one trajectory of the subsample receiving placebo,
mixed-model analyses30 were performed to assess
whether patients receiving placebo had significantly
different responses from those receiving medication,
who were classified into responder or non-responder
trajectories. The outcome variable in the mixed model
was HRSD across treatment. The predictors were tra-
jectory class membership (placebo, medication
trajectory responder, or medication trajectory non-
responder), time, and their interaction. To control for
the potential confounding of baseline covariates when
comparing the randomized placebo group with the
nonrandomized trajectory responder and non-
responder groups, we used a propensity scoring
approach. We calculated the predicted probability (pro-
pensity score) for each patient to be in the trajectory
non-responder class, and used this probability as a
covariate in the mixed model. We controlled for site
because of the differences that were found between sites
in the main outcome report.13 Trajectory responders
were defined as patients who were classified in the re-
sponder trajectory at week 4. Clinical responders were
defined as patients with at least 50% improvement over
baseline HRSD scores at the end of treatment (week 8).
We used the χ2 test to test independence and the odds
ratio (OR) for assessing the relationship between tra-
jectory response and clinical response.

RESULTS

Clinical and Demographic Characteristics
of Participants

Eighty-four patients were randomized to citalopram
and 90 to placebo, of whom 58% were women; mean
age was 79.6 years (SD: 4.4 years), and the mean base-
line HDRS score was 24.3 (SD: 4.1).

Identifying Trajectories of HRSD Across Treatment

According to the AIC and the LMR, the best-fitting
set of models for the citalopram and placebo arms were
quadratic growth mixture models (see Tables S1 and

656 Am J Geriatr Psychiatry 25:6, June 2017

Early Symptom Trajectories



S2 in the online Supplemental Material). For the
citalopram arm, the model with two classes fit the data
best. Figure 1a presents the estimated means for the
two trajectory classes in the citalopram arm. The first
class, with 39.3% probability of membership, can be
interpreted as the class of trajectory responders. The
second class, with 60.7% probability of membership,
can be interpreted as the class of trajectory non-
responders. Based on the AIC, there was no evidence
in the present data of more than one trajectory class
in the placebo arm (Figure 1b).

Prediction of Trajectory Membership

The tree decision analysis revealed a significant split
in the IADL variable (t(74) = 2.63, p = 0.04), such that
patients with a score below or equal to 4.54 on base-
line IADL showed a higher tendency to be in the
trajectory that outperformed placebo. No other pre-
treatment characteristics were significant predictors of
trajectory membership. Figure 2 presents the tree for
trajectory assignment.

We conducted another analysis, in which in addi-
tion to all other pre-treatment variables we also added
the following variables: (a) the Cumulative Illness Rating
scale for Geriatrics; (b) the Mini-Mental State Exami-
nation; and (c) the Stroop Color and Word test, a
response inhibition task assessing a central component
of the executive functions (Sneed et al.31). Findings were
similar to the original analysis, and none of these three

variables were chosen as robust predictors. Future
studies should further investigate these issues.

Trajectory Membership as a Predictor of Change
in HRSD Across Treatment and Clinical Response

The linear mixed models comparing HRSD scores
over time for trajectory responders receiving active drug,

FIGURE 1. Estimated means of early trajectories for [a] patients receiving medication and [b] patients receiving placebo, with
95% confidence interval.

a. b.

Responders
Non-responders

FIGURE 2. Decision-tree learning for trajectory assignment,
based on the random forest algorithm for
variable selection, and Monte Carlo simulation
for multiple testing adjustment. Y: proportion of
non-responders.
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trajectory non-responders receiving active drug, and
patients receiving placebo showed a significant inter-
action between trajectory membership and time (F(2,1125)

= 7.24, p = 0.0008). The two citalopram trajectories
showed significantly different outcome reduction
(B = −0.42, SE = 0.13, t(1125) = −3.12, p = 0.001). Trajectory
responders receiving active drug showed greater re-
duction in HRSD scores than did patients receiving
placebo (B = −0.48, SE = 0.13, t(1125) = −3.66, p = 0.0003).
No significant differences were found between trajec-
tory non-responders receiving active drug and patients
receiving placebo (B = −0.05, SE = 0.11, t(1125) = −0.47,
p = 0.63).

For the medication trajectories, using the defini-
tion of clinical response as a 50% or greater
improvement from baseline HRSD at the completion
of treatment, trajectory responders had a greater
chance of being clinical responders (χ2

(1) = 28.08, OR:
14.5, p < 0.0001). The correspondence between trajec-
tory responders and clinical responders indicated
that 25 of 33 (75.75%) trajectory responders were
also clinical responders, and 42 of 51 (82.35%) trajec-
tory non-responders were classified as clinical
non-responders.

Sensitivity Analysis

We assessed the effect of missing data on our
results by performing a sensitivity analysis under
missing not at random (MNAR) assumptions. The
linear mixed model assumes that the missing data
are missing at random (MAR).32 When this assump-
tion does not hold, the longitudinal process and the
missing data process can be simultaneously modeled
in a so-called joint model.24 There is a close associa-
tion between drop-out from therapy and joint
modelling in that patients‘ drop-out time can be
considered as a survival outcome.33 Frequently, a
longitudinal process is associated with a survival
process (in our case, patient dropout), and the joint
model captures this correlation to provide a valid
inference. We applied a joint model to our data,
performing the analysis based on an MNAR assump-
tion as a sensitivity analysis. The model revealed the
same pattern of findings reported by assuming MAR,
supporting the robustness of our findings vis-à-vis
possible missing data effects.

DISCUSSION

The present study sought to determine whether dis-
tinct early trajectories of change in a cohort of elderly
patients receiving antidepressant medication can predict
their ability to benefit from antidepressant medica-
tion compared with placebo. Findings suggest that
although no significant differences were found in the
primary study that compared the citalopram and the
placebo conditions for the cohort as a whole, two dis-
tinct early trajectories of change were detected in
patients receiving citalopram—one with a signifi-
cantly better outcome than placebo, and one that did
not differ significantly from placebo. For patients re-
ceiving citalopram, baseline IADL could predict
assignment to one of the two distinct early trajecto-
ries of change, so that patients with a score of 4.5 or
less on the baseline IADL showed a higher tendency
to be in the trajectory that outperformed placebo.

These findings are consistent with a previous study
that focused on a younger population and also iden-
tified two distinct trajectories of change in patients
receiving antidepressant medication, only one of which
outperformed placebo.14 The presence of two distinct
trajectories in the medication group suggests that the
patient cohort included in the current trial was heter-
ogeneous in its response to treatment, and that using
the average value for this variable may have led to treat-
ment failure for the cohort as a whole. Moreover, our
focus on early trajectories of change rather than simply
the quantity of early change (e.g., ≥25% improve-
ment after four weeks34) may more accurately identify
individuals most likely to benefit from antidepres-
sant treatment. Detecting patients likely to respond to
citalopram early during treatment may enable clini-
cians to continue treatment for those who will benefit
from it, and to refer others to alternative treatments.

In the analysis of Gueorguieva et al.,14 which focused
on a younger population, 76.3% of the sample were
classified in the responder trajectory that outper-
formed placebo, whereas in the present study, which
focused on the elderly population, only 39.3% were clas-
sified in the responder trajectory that outperformed
placebo. Although these percentages are not entirely
comparable, the finding may suggest potential differ-
ences between the elderly and younger populations.
This rationale may explain the higher percentages of
failed trials in the former group, and it is consistent
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with the view of depression in the elderly as a heter-
ogeneous neuropsychiatric syndrome in later life,
caused by pathophysiologically distinct brain disor-
ders and resulting in common behavioral
manifestations.35

Identification of different treatment trajectories raises
the possibility of using patients’ pre-treatment char-
acteristics to predict their future course. In the present
study, we found that a baseline IADL score less than
4.5 was associated with the trajectory that outper-
formed placebo. Whereas in younger populations
baseline HRSD levels play a crucial role in determin-
ing who may benefit most from antidepressants,36 in
older populations it is the IADL that plays such a role.
The importance of functional status is consistent with
phenomenological differences observed in late life de-
pression as compared to MDD in younger patients.
MDD in the elderly is characterized less by depressed
mood37 and more by functional complaints, such as
sleep disturbance, fatigue, and psychomotor
retardation,38 as well as by poor memory and concen-
tration, slow cognitive processing speed, and executive
dysfunction,39 when compared with younger adults
with the same condition. Future studies should further
explore the role of IADL levels in determining who
may benefit most from antidepressants, and explore
other relevant characteristics of those with lower levels
of IADL.

Another interesting finding of this study was that
only one trajectory could be found for the patients ran-
domized to placebo. It is possible that individuals who
responded during the one-week lead-in placebo
washout period, and were therefore excluded from the
trial before randomization, could have formed a dis-
tinct trajectory, although they were too few in number
to create a meaningful subgroup (N = 6). The fact that
patients in the placebo condition were all assigned to
one trajectory may suggest that although variations exist
between patients receiving placebo, overall they are best
perceived as one group of patients, showing similar
patterns of change. Another possibility is that the
sample size was not large enough to enable the de-
tection of subgroups of patients with more subtle
differences within the placebo condition, although the
present findings are consistent with Gueorguieva et al.’s
study,14 which had a much larger sample size, dem-
onstrating a single trajectory for the placebo condition.

The current findings are limited by the moderate
sample size. Validation of the present findings with

larger sample sizes and follow-up data sets are needed.
A crucial path for future research is to evaluate whether
these findings are specific to citalopram or to antide-
pressant medications in general. If it is indeed found
that the same patients are in the non-responder groups
for different drugs, these patients should be offered
psychotherapy or other nonpharmacological treat-
ment. If, however, patients who are non-responders for
one medication are found to respond positively to
another, this information can have important impli-
cations for personalized medicine. To test such a
possibility, a more complex study design is needed. If
non-responder trajectories are medication-specific, it
is necessary to examine whether an earlier initiation
of a second medication would result in greater benefit
and lower cost than continuing with the first one.

Our study is also limited by the use of a single dose
of citalopram. It is possible to speculate that trajecto-
ry shape is different in dose-escalation designs in which
study participants do not receive a therapeutic dose
of medication until partway through the study. More
specifically, responder and non-responder trajecto-
ries may diverge later, so that clinicians wishing to
utilize these results in practice may need to delay the
assessment of whether patients have had an early re-
sponse (i.e., to determine trajectory membership and
thus whether to switch or augment treatment strate-
gy). Nevertheless, Gueorguieva et al.,14 in their analysis
of duloxetine studies that did use dose escalation
designs, reported findings consistent with our results.

An important implication of the present findings is
that there was a subgroup of citalopram-treated pa-
tients who did experience significant improvement
relative to placebo, although the overall parent RCT
was negative and citalopram did not differentiate from
placebo. This suggests that citalopram may be a useful
treatment for some patients, but that characteristics of
these patients need to be identified before their en-
rollment in future confirmatory RCTs. In this way, the
present findings are consistent with other analyses
demonstrating that comparing overall mean differ-
ences between drug and placebo groups does not
account for different trajectories of treatment response14

and is relatively insensitive to large and significant
changes experienced by subgroups of the sample.11

Second, the present findings add to other published
reports suggesting that patients who do not demon-
strate at least a 30% improvement in baseline
symptomatology by 4 weeks are unlikely to respond
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to medication by 8 weeks, and may profitably be
switched to another treatment at the 4-week time
point.40 If the present findings can be generalized to
clinical practice, psychiatrists may wish to consider
switching or augmentation of treatment for individu-
als not showing a desirable trajectory of change.

This is the first study to examine systematically the
effect of early trajectories of symptomatic change as
predictors of outcome in elderly patients with MDD.
In a negative trial, we detected two distinct early tra-
jectories of change for elderly patients receiving
citalopram for major depressive disorder, only one of
which was associated with a significantly better
outcome than placebo. It may be the case that analyz-
ing mean depressive symptom change across all
patients assigned to medication versus placebo may
obscure large and meaningful drug–placebo differ-
ences in patient subgroups. These findings thus

demonstrate the promise of investigating distinct early
trajectories for signal detection in antidepressant clin-
ical trials. Clinically, characterizing early patterns of
change may contain useful information about whether
to continue an antidepressant trial and thus dimin-
ish the length of time depressed patients are exposed
to ineffective treatments.

Work on this paper was supported by R01 MH102293
(BRR) and T32 MH015144 (SPR). Dr. Rutherford reports
receiving consulting fees from Pfizer. Drs. Zilcha-Mano,
Brown, and Roose have no disclosures to report.

APPENDIX: SUPPLEMENTARY MATERIAL

Supplementary data to this article can be found
online at doi:10.1016/j.jagp.2017.02.001.
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