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Key points

Question: Is there evidence that response to antidepressants varies based on individual
differences?

Findings: A meta-analysis of 91 randomized clinical trials (18 965 participants) on the
use of antidepressants in major depression found no evidence of more variability in
response to antidepressants than to placebo. Variability did not depend on baseline
depression severity or study year, but variability in response to noradrenergic agents was
higher than that of selective serotonin reuptake inhibitors.

Meaning: Individual differences may not underlie variability in the association between
total depression scores and antidepressant treatment. Future efforts toward
personalization should focus on individual symptoms or biomarkers.



Abstract

Importance Antidepressants are commonly used to treat major depressive disorder
(MDD). Antidepressant outcomes can vary based on individual differences; however, it is
unclear whether specific factors determine this variability or whether it is at random.

Objectives To investigate the assumption of systematic variability in symptomatic
response to antidepressants and to assess whether variability is associated with MDD
severity, antidepressant class, or study publication year.

Data Sources Data used were updated from a network meta-analysis of treatment with
licensed antidepressants in adults with MDD. The Cochrane Central Register of
Controlled Trials, CINAHL, Embase, LILACS database, MEDLINE, MEDLINE In-
Process, and PsycINFO were searched from inception to March 21% 2019. Additional
sources were international trial registries and sponsors, drug companies and regulatory
agencies’ websites, and reference lists of published papers.

Study Selection Analysis was restricted to double-blind, randomized placebo-controlled
trials with depression scores available at the study’s endpoint.

Data Extraction and Synthesis Baseline means, number of participants, endpoint
means and SDs of total depression scores, antidepressant type, and publication year were
extracted.

Main Outcomes and Measures Log SDs (b, 6) were derived for treatment groups (ie,
antidepressant and placebo). A random-slope mixed-effects model was conducted to
estimate the difference in b;, & between treatment groups, while controlling for endpoint
mean. Secondary models determined whether differences in variability between groups
were associated with baseline MDD severity, antidepressant class (selective serotonin
reuptake inhibitors and other related drugs; serotonin and norepinephrine reuptake
inhibitors; norepinephrine-dopamine reuptake inhibitor; noradrenergic agents; or other
antidepressants), and publication year.

Results In the 91 eligible trials (18 965 participants), variability in response did not
differ significantly between antidepressants and placebo (bi, 6, 1.02; 95% CI, 0.99-1.05;
P =.19). This finding is consistent with a range of treatment effect SDs (up to 16.10),
depending on the association between this effect and outcome under placebo. Variability
did not depend on baseline MDD severity or publication year. Responses to
noradrenergic agents were 11% more variable than responses to selective serotonin
reuptake inhibitors (b, 6, 1.11; 95% CI, 1.01-1.21; P =.02).

Conclusions and Relevance Although this study cannot rule out the possibility of
treatment effect heterogeneity, it does not provide empirical support for personalizing
antidepressant treatment based solely on total depression scores. Future studies should
explore whether individual symptom scores or biomarkers are associated with variability
in response to antidepressants.



INTRODUCTION

Major depressive disorder (MDD) is a common and heterogeneous mental
condition characterized by emotional, cognitive, somatic, and behavioral symptoms. !
Antidepressants (ADs) are one of the first-line interventions for the treatment of
depression,? but their efficacy appears to be variable. While a significant proportion of
individuals experience remission of depression after 8 weeks of treatment, more than
50% of patients improve very little or their depression worsens.® This observed variation
has prompted efforts to identify moderators of AD efficacy and to personalize treatments
by matching specific ADs with the unique characteristics of individual patients.* The
variability in the efficacy of psychiatric medications is typically deduced from aggregate
data of randomized clinical trials (RCTs), which estimate average treatment effects.>® To
some degree, treatment effects in RCTs vary between individuals due to random factors
or other factors, such as placebo effects, regression to the mean, or measurement error.%’
The ability to personalize treatments rests on the assumption that individual differences
contribute to this variability, but detecting treatment by individual interactions requires

more complex study designs.®

Despite the paucity of studies designed to detect treatment by individual
interactions, there is a widely held assumption that individual differences moderate the
effect of ADs on depressive symptoms (ie, response).”!? Data from RCTs show that
depressed individuals assigned to receive the same AD at the same dose and for the same
period can experience very different outcomes.’ The source of this variability is believed
to result from individual differences in clinical or biological factors.!? If indeed some
ADs (or classes of ADs) are more effective at treating patients whose MDD is
characterized by specific clinical or biological factors, such differences would be
consistent with the assumption that individuals vary systematically in their response to
ADs. However, if this variability is driven by other factors (e.g., placebo response,
measurement error), it may not be possible to personalize AD treatment. Given that the
potential for personalization rests on the validity of an assumption of systematic
variability in observed response to ADs, it is important to evaluate it rigorously. Thus, we
compared variability in observed outcomes of patients with MDD assigned to receive

ADs or placebo to assess whether the observed variability in response to ADs is due to



systematic, non-random factors. We hypothesized that if variability in observed response
to ADs includes an individual by treatment interaction, it would differ from the

variability in observed response to placebo.

A vigorous methodological debate has been taking place on the best way to assess
variability in response to psychiatric treatment.'*!” This debate involves how to deal with
the problem that means and their variability (i.e., SDs) are often not independent.!>!7-18
Several previously published papers!®?* have relied on methods that make assumptions
about the nature of the mean-SD relationship, which could lead to biased estimates if
these assumptions are not met. To address this issue, we use a random-slope mixed-
effects model (RSMM) that accounted for the association between endpoint depression
scores and variability by modelling this association directly from the data.'®2
Furthermore, we updated the open dataset of RCTs evaluating outcomes of ADs in
patients with MDD from Cipriani and colleagues?® that has been used in prior studies of

variability in response to ADs. 842>

We also examined whether baseline severity of depression, AD class, or the year
in which studies were published is associated with variability in response to ADs.
Because, on average, the effects of ADs are modest,?® we expected variability to increase
for moderators associated with increased response. Thus, we examined whether responses
in groups of participants whose symptoms were initially more severe would be more
variable, since the effects of ADs may be more pronounced in individuals with severe
depression.?”?® We also expected that variability might differ based on the way that
different AD classes interact with different neurotransmitter systems. Specifically, ADs
affecting multiple neurotransmitter systems might produce more variable outcomes than

would ADs with more selective effects.

METHODS
We started with publicly available data from a published network meta-analysis
of 522 RCTs evaluating the effects of ADs on MDD.?¢ The methods and descriptive
statistics for this meta-analysis are published elsewhere.?®* Briefly, selected databases
(the Cochrane Central Register of Controlled Trials, CINAHL, Embase, LILACS
database, MEDLINE, MEDLINE In-Process, and PsycINFO) were searched from their



inception to January 8, 2016, using terms that included references to depression in
combination with a list of ADs. Additional sources were international trial registries, drug
approval agency websites, and key scientific journals. We updated the search to include
15 additional RCTs published between January 9, 2016 and March 21, 2019, resulting in
a total of 537 RCTs (Figure 1). Of these 537 RCTs, 256 (48%) were conducted in North
America, 142 (26%) in Europe, and 42 (8%) in Asia, with the remaining studies being
cross-continental or from other regions. There was a total of 89 838 participants allocated
to an AD and 30 251 allocated to a placebo. Participants’ mean (SD) age was 44.18
(11.21) years, and 62% were women. The included studies assessed depressive symptoms
using one of several versions of the Hamilton Rating Scale for Depression (HAMD-17,%
HAMD-21,3° HAMD-24,>! HAMD-29,?? and HAMD-313?), the Montgomery Asberg
Depression Rating Scale,* or the Inventory of Depressive Symptomatology.*> Endpoint
scores were extracted as close to 8 weeks after the start of AD treatment or placebo as
possible, with the median duration of extracted scores being 8 weeks (interquartile range,
6-8 weeks). The data were analyzed between June 8, 2020 and June 13, 2020.
Eligibility Criteria

Our analysis included observations from placebo-controlled RCTs with available
data at endpoint (means and SDs of total depression scores and number of participants
assessed in each group). Figure 1 depicts our selection process and the resulting number
of included RCTs. From the publicly available data®! corresponding to the eligible RCTs,
we extracted baseline and endpoint means, SDs, number of participants in each group,

AD drug, and, when available, the year of RCT publication.

Statistical Analysis
Primary Analysis
Based on investigations into the appropriate approach to quantify variability in
our included RCTs (described in the eMethods), we used an RSMM to estimate
differences in variability between treatment groups, while controlling for the endpoint
mean score.'>!® Following Nakagawa et al,'® we used an unbiased estimator of the

natural logarithm of the population SD and its sampling variance.’! For each observation



corresponding to an AD or placebo group, we calculated the log SD:

1
2(n—-1)

Ing =Ins +

where s refers to the SD and # refers to the number of participants for that group.!'®

We used the following formula to derive sampling variances:
Sino = Z(n—l—l)
where 7 refers to the number of participants for that group.'® In our primary RSMM, we
specified each In © (fitted with its associated sampling variance) as the response variable.
We specified treatment group as a categorical predictor indicating whether the In
o corresponded to AD (coded as 1) or placebo (coded as 0). To account for the mean-SD
relation, we added the log endpoint mean score (z-transformed across the entire dataset)
as a predictor. Since the effect of treatment group, estimated by b;, &, represented the
difference in In & between AD and placebo'®, we report the exponentiated b, 6. A group
effect larger than 1 indicated higher variability in AD groups than placebo groups;
conversely, a group effect lower than 1 indicated less variability in the AD groups
compared with placebo groups.'® We used methods from previous work!'*-*? to explore
possible values for treatment effect SD, based on findings this primary analysis and a

range of possible associations between the treatment effect and placebo response.

Secondary Analyses
We repeated our primary analyses adding a treatment group by baseline
depression interaction. We used all observations with a baseline depression severity score
available (Figure 1) and z-transformed log baseline means across the entire dataset. A
treatment group by baseline depression interaction effect larger than 1 was consistent
with our hypothesis, indicating more variability in response to AD as compared to

placebo with increasing baseline depression severity.

For each available observation from the eligible RCTs, we categorized the ADs
into one of the following 5 classes based on their main putative mechanisms of
action:32? selective serotonin reuptake inhibitors (SSRIs) and other related drugs

(citalopram, escitalopram, fluoxetine, fluvoxamine, paroxetine, sertraline, and



vilazodone); serotonin and norepinephrine reuptake inhibitors (SNRIs) (desvenlafaxine
and venlafaxine); norepinephrine-dopamine reuptake inhibitors (NDRIs) (bupropion);
noradrenergic agents (NAs) (amitriptyline and reboxetine); and other ADs (agomelatine,
mirtazapine, and trazodone). RCTs reporting observations for four ADs (ie, duloxetine,
levomilnacipran, nefazadone, vortioxetine) did not report endpoint means and SDs and
were not included in our analysis. We repeated our primary analyses replacing the
categorical treatment group predictor with AD class. We specified placebo as the
reference group, so that an effect of AD class (exponentiated) larger than 1 indicated
greater variability in symptomatic response for that class than placebo. To compare
variability in response among AD classes, we restricted our analyses to AD groups only,
specifying SSRIs as the reference group. AD class effects larger than 1 were consistent
with our hypothesis, indicating greater symptomatic variability for classes with less
selective effects than SSRIs.

Finally, we investigated whether the year in which RCTs were published was
associated with differences in variability. For RCTs with a publication year available
(Figure 1), we rescaled years by subtracting the median year (ie, 2001). We conducted an
RSMM including a year by treatment group interaction, with an interaction effect greater
than 1 indicating more variability in response to AD than placebo in RCTs conducted

more recently.

Sensitivity Analyses

In the included RCTs, baseline and endpoint means were measured using the
HAMD-17, HAMD-21, HAMD-24 and MADRS, introducing the possibility of spurious
effects associated with the use of different scales.!® The duration of treatment also
differed between RCTs (ranging from 4—12 weeks). To examine whether different scales
and treatment durations affected our results, we repeated our primary and secondary
analyses adding scale as a categorical predictor and duration of treatment in weeks as a
continuous predictor.

All analyses were completed in R, version 3.5.3,%® using the MCMCglmm
package.’® We used functions provided by Nakagawa and colleagues'® to calculate In
6 and sampling variances and the MCMCglmm function for generating RSMMs.*

Detailed descriptions of model specifications and priors are provided in the eMethods. To



ensure that choice of priors did not affect our results, we repeated our primary and
secondary analyses with expanded priors.!® The significance threshold was .05, and
significance testing was 2-sided. To ensure reproducibility, our code® is freely available

online. The updated dataset is available upon request from the authors.

RESULTS
Primary Analysis

A total of 91 RCTs comprising 18 965 unique participants met our inclusion
criteria. To measure outcomes at endpoint, 44 RCTs (47%) used the HAMD-17 and 33
(37%) used the HAMD-21. Because some RCTs compared placebo with more than 1 AD
(ie, multiarm trials), 207 observations were available (Figure 1). Endpoint means were
associated with variability (b, 6 = 1.07; 95% CI, 1.04, 1.10; P <.001). We tested for
non-linearity in this association by adding a quadratic term for endpoint means, and there
was no evidence that adding this term improved the model (eTable 1 in the Supplement).
After controlling for the linear relation, there was 2% more variability in responses to
ADs compared with placebo, but this difference was not statistically significant (b, 6 =
1.02; 95% CI, 0.99-1.05; P =.19) (see Figure 2).

We calculated the upper bounds on the treatment effect SD, based on this finding
and a range of possible associations between the treatment effect and outcome under
placebo (details of this calculation and simulation are provided in the eResults). These
analyses suggest that b, & = 1.05 (the upper limit of our estimated b;, ) is compatible

with a range of treatment effect SDs (eFigure 3), up to 16.10 (eTable 1).
Secondary Analyses

Depression Severity
There were 89 placebo-controlled RCTs with both baseline and endpoint means
available, corresponding to 201 observations (Figure 1). We found no evidence that the
association between treatment group and variability depended on baseline depression
severity (b, & = 0.99; 95% CI, 0.96, 1.02; P = 0.58) (results for model predictors are
provided in Table 1).
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AD Class
Figure 2 provides the number of RCTs reporting outcomes for each AD class and
the number of available observations. Responses to all AD classes were not more variable
than responses to placebo (depicted in Figure 2). Responses to NDRIs, SNRIs, or other
ADs were not more variable than responses to SSRIs (ie, the reference group), however
responses to NAs were 11% more variable than responses to SSRIs (b1, 6, 1.11; 95% CI,

1.01-1.21; P =.02) (see Figure 3).

RCT publication year
The 71 RCTs with a publication year available, corresponding to 158 observations
(Figure 1), were published between 1979 and 2018. We found no evidence that the
association between treatment group and variability depended on the year that an RCT
was published (b, 6 = 0.999; 95% CI, 0.996, 1.002; P =0.42) (see Table 1 for model

predictor results).

Sensitivity Analyses

We examined whether results from our primary and secondary analyses were
affected by depression scales used to measure endpoint means and SDs across RCTs.
Results were not qualitatively different when controlling for scale (full results are
provided in eTables 2-7 in the Supplement). One difference emerged when controlling
for treatment duration: the difference in variability between SSRIs and NAs was
qualitatively similar to our secondary analysis, but it was no longer statistically
significant (b, 6, 1.108; 95% CI, 0.997-1.227; P = .05) (eTables 8-12 in the Supplement).
Results from our primary and secondary analyses were not qualitatively different in

RSMMs using expanded priors (Supplement eTables 13-17).

DISCUSSION
We examined whether there is evidence of systematic variability in the overall
symptomatic response to ADs by comparing variability in outcomes in RCTs between
participants with MDD assigned to receive ADs or placebo. However, contrary to our
hypothesis, we found no evidence that variability in observed response (as measured by
total depression scores) among participants receiving ADs was greater than among those

receiving a placebo. Our results do not identify variability based on total depression
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scores. In other words, our findings do not provide empirical support for efforts to
personalize AD treatment based on total depression scores. Nevertheless, these findings
do not rule out the possibility of treatment effect heterogeneity; they are consistent with a
range of treatment effect SDs that are well over zero (up to 16.10), depending on negative
associations between the treatment effect and placebo outcomes (see eTable 1). These
findings also do not address the potential for personalization based on individual
symptoms or biomarkers, where it may be possible to select specific ADs according to

some specific clinical or biological characteristics of individual patients.?’

Our findings are consistent with other work suggesting that random or nonspecific
factors may account for the variability in observed response to ADs. In these studies,
variability ratios (VRs) were calculated to quantify differences in SDs of pre-post
differences in depression between AD and placebo groups in an earlier open dataset.?!
Consistent with our results, meta-analyses of VRs found no evidence of larger variability
in AD groups as compared to placebo.!*!>?° Our findings are also consistent with
previous work in another field of psychiatry, which showed that overall responses to
antipsychotics are not more variable than responses to placebo in patients with
schizophrenia.®

Findings from our secondary analyses suggest that traditional MDD subtypes
based on symptom severity are not associated with variability in observed response. This
result is consistent with other studies showing that the efficacy of ADs is comparable
across the continuum of symptom severity of MDD.*¥4° Coupled with our primary
finding, these results do not support the assumption that there are moderators of observed
responses to ADs associated with overall severity of depression. At the same time, if
MDD is a heterogeneous condition with diverse symptom profiles or subtypes, total
depression scores may not adequately capture its typology, or even its severity. Some
have argued that examining responses to ADs based on total scores conceals their
effects,*!*> which may also apply to the variability in these effects. Although our results
do not provide evidence in support of personalizing MDD treatments based on total
depression scores, they do not rule out the possibility of selecting AD treatments based
on scores corresponding to individual symptoms or biomarkers. This is consistent with

the suggestion that a focus on total depression scores may thwart progress in
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personalizing treatments for MDD, since there may not be individual differences or
biomarkers that capture the shared variance of all its symptoms.*? The next step towards
optimizing treatments should involve examining the evidence for variability in responses
to ADs based on individual symptoms (eg, suicidality**), symptom profiles,* sets of
biomarkers, or a combination of them.

In our secondary analysis, we did not find any differences in the variability of
responses to AD classes and placebo. However, a difference emerged among AD classes,
with responses to SSRIs being less variable than responses to NAs. In our sensitivity
analysis, this effect may be due to longer treatment duration with NAs. Nevertheless,
responses to NAs may be more variable than responses to SSRIs because ADs affecting
primarily norepinephrine (eg, amitriptyline) may have a greater effect on depressive
symptoms than ADs that affect only synaptic serotonin.***®>* Alternatively, functional
unblinding in RCTs of NAs may account for this finding. Cipriani and colleagues®!
reported that, compared with SSRIs, dropout rates due to adverse effects were generally
higher for ADs with noradrenergic effects, introducing the possibility that raters in some
RCTs were unblinded to treatment allocation. Nevertheless, our finding does not provide
insight into the association of individual differences in response to NAs compared to
placebo, but it suggests that, among the AD classes we examined, NAs may be most

amenable to personalization.

The results of our study should be considered in the context of some
methodological challenges and limitations. The analysis of variability in response to
psychotropic medications has attracted a renewed interest with the availability of novel
methods to summarize this variability.'® To our knowledge, the first study to use one of
these methods in relation to psychotropic medications was published in 2019%; since then,
more than five published studies'>!*!"-1%20 (including this analysis) and other
documents*~? have described the merits and shortcomings of these approaches. When
comparing variability between AD and placebo groups, coefficient of variation ratios
(CVRs) have been used to account for associations between endpoint scores and SDs.
However, CVRs can yield biased results depending on the nature of these associations,
specifically by inflating variability in the group with a lower endpoint score.!>!718

Previous findings of more variability in response to placebo as compared to AD derived
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with the CVR might therefore be related to a focus in these studies on pre-post difference

scores, %20

which tend to be lower in placebo groups. Due to the nature of the mean-SD
association in our data, the use of VRs and CVRs could produce biased results (as
described in the eMethods). Given that similar investigations of variability in response to
other psychiatric treatments and interventions are emerging,’! it is crucial to consider
when the VR and CVR are not appropriate and when mixed models that control for the
effect of the mean on variability, such as the RSMM, are optimal.'* Also, our findings do
not rule out heterogeneity in treatment effects (ie, the difference in outcomes if the same
individuals received AD and placebo). According to a recent analysis,’? a finding of
increased variability in response to treatment suggests treatment effect heterogeneity.
Adapting this analysis®? in the context of our study, we demonstrate that our finding of no
increased variability in response to AD is consistent with a range of potential treatment

effect heterogeneities, up to twice the size of the SD under placebo (described in the

eResults).

The validity of our results rests on the quality of RCTs that were included in our
dataset, which in some cases was low.?! Because participants in RCTs are selected to be
relatively homogenous, our results may also not generalize to patients with MDD seen in
clinical practice; it is possible there may be more variability in overall response to ADs in
patients with greater variability in clinical characteristics. Furthermore, our analysis was
limited to RCTs with available data at endpoint, as well as the 15 drugs from the eligible
RCTs. It is possible that some ADs that we did not include would produce different
results because of their specific mechanisms of action. We grouped ADs into classes, so
it is likely that our results apply to other ADs belonging to the same class. However, few
comparisons were available for SNRIs and NDRIs, and our analyses involving these AD

classes may have been underpowered.

Given that we relied on published data, we were limited in the moderators of
response variability that we could address. Without access to patient-level or item-level
data, we could not examine how various subgroups of patients or symptom profiles
affected response variability. This remains an important direction for future work. As

k,6’49’50

discussed in previous wor our analysis does not rule out the possibility of

treatment by subgroup interactions or address the potential to personalize treatments
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based on subsets of symptoms. Finally, our findings also do not address variability in
response to non-pharmacological treatments, such as psychotherapies, convulsive
therapies, and neuromodulatory interventions, which might possibly be personalized

based on their effects.

In conclusion, our results do not support the widely held assumption that
individual differences underlie the variability in the association between total depression
scores and AD treatment. Future efforts toward personalizing treatments for MDD should
focus on whether individual symptoms or biomarkers are associated with variability in

response to ADs or whether there is evidence of variability in response to other treatment

types.
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Figure 1. Study Selection Process

AD indicates antidepressant; RCT, randomized clinical trial.

Figure 2. Comparisons of variability between ADs and placebo, separated by class.

AD indicates antidepressant; Nrct, number of RCTs; Nobs, number of observations
available; SSRI, selective serotonin reuptake inhibitor; SNRI, serotonin and
norepinephrine reuptake inhibitor; NDRI, norepinephrine—dopamine reuptake inhibitor;
NA, norepinephrinergic agent. Comparisons of placebo (the reference group) and AD (or
AD class) indicate the difference between the two groups in In 6. These estimates have
been exponentiated, with a b, & less than 1 representing less variability than placebo.

Figure 3. Comparisons of variability between selective-serotonin reuptake inhibitors and
AD classes.

SSRI indicates selective serotonin reuptake inhibitor; SNRI, serotonin and
norepinephrine reuptake inhibitor; NDRI, norepinephrine—dopamine reuptake inhibitor;
NA, norepinephrinergic agent; AD, antidepressant. Comparisons of SSRI (the reference
group) and AD classes indicate the difference between the two groups in In 6. These
estimates have been exponentiated, with a b, & less than 1 representing less variability
than SSRI.



Table 1. Results of Secondary Analyses Examining Baseline Depression Severity, and

RCT Publication Year

Predictor bina (95% CI)? P Value

Baseline depression
Baseline depression * AD 0.99 (0.96-1.02) .580
Baseline depression mean 1.08 (1.04-1.12) <.001
AD (compared to placebo) 1.00 (0.97-1.03) .828
Endpoint mean 1.04 (1.00-1.07) .032

Publication year
Publication year * AD 0.999 (0.996-1.002) | .422
Publication year 0.998 (0.994-1.002) | .358
AD (compared to placebo) 1.040 (1.000-1.079) | .048
Endpoint mean 1.081 (1.040-1.116) | <.001

Abbreviations: AD, antidepressant.

b 6 reflects the association of each predictor with In G.
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