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1 Medical background

1.1 Super-Responders

Esketamine is statistically significantly superior to placebo regarding the reduction of depression symptoms as as-

sessed with the Montgomery–Åsberg Depression Rating Scale (MADRS) [1]. However, the drug placebo difference

is only about 3 MADRS points, corresponding with a standardized mean difference (SMD) of about 0.3. This

efficacy estimate is substantially smaller than those reported in early ketamine trials [2]. Moreover, an efficacy of

this size is likely not clinically meaningful according to conventional thresholds of clinical significance [3] and hardly

superior to conventional antidepressants [4].

However, (small) average drug-placebo difference may be misleading because some patients may benefit espe-

cially well due to heterogeneity of treatment effect (HTE), opening up the quest for “precision medicine”, that is,

finding predictors who may benefit especially well from a treatment. Successful prediction of “super-responders”

could make it possible to only expose those patients to the side effects and costs of a drug who actually benefit, thus

guaranteeing a positive harm/benefit ratio. Consequently, precision psychiatry has become a hot topic, especially

with big data and the expanding biomarker research with its emerging potential predictors of treatment success

[5, 6]. However, despite massive research efforts to predict treatment success with conventional antidepressants,

no robust predictors useful for clinical practice have been found [7]. The quest is ongoing [8] and there are some

promising first exploratory results based on meta-research using individual patient level data (IPD) [9].

Approaches to explore HTE can be twofold. First, potential predictors of HTE can be detected via interaction

effects between the predictor and the treatment (drug/placebo) in IPD data of clinical trials. For esketamine,

one IPD meta-analysis on gender as treatment effect moderator found one statistically significant effect out [10],

though there was no adjustment for multiple testing and this finding may be a false positive.

Second, it can be explored if HTE can be assumed at all by an investigation of the distributions of the outcome

in the drug and placebo arms. If there are “super responders” in the drug arms, then this should alter the outcome

distribution in the drug arm but not the placebo arm. Indeed, a mixture model analysis of individual patient data from

conventional antidepressants showed that the non-normal outcome distributions could be decomposed into three

different subdistributions with finite mixture modelling [11]. This included a subdistribution of “large” responses,

and in the antidepressant arms, 15% more were categorized in this group, compared to placebo. However, the

trimodal distribution could not be replicated for self-reported depression and this raises the question if issues such

as rating biases may explain non-normality in response distributions [12]. Another approach is to examine variances

in treatment and placebo arms. If there is a subgroup of patients responding especially well to the treatment,

there should be a larger variance in the drug-arms. This has been investigated for conventional antidepressants via

variance-ratio meta-analyses, but without evidence for HTE [13, 14].

We use both approaches to explore HTE in esketamine trials. We are aware of the inherent power issues for

both mixture models and variance ratio meta-analyses. That is, we can only detect larger HTE. However, we have

the largest IPD data available and at least we can estimate boundaries of HTE.

1.2 Rating biases in clinician versus patient ratings

Most clinical trials use clinician rating scales such as the MADRS for the primary outcome. For conventional

antidepressants and psychotherapy, outcomes based on self-reports produced smaller drug-placebo differences [15,

16, 17], raising the issue of rating biases and psychometric differences and the need to go beyond relying on

one type of assessment [16, 18]. Rating biases can occur due to a combination of unblinding and expectancy

effects. If raters can guess correctly the treatment arms, their rating may be influenced by existing beliefs about

the effects of the treatments and this usually leads to more favorable efficacy ratings, for example in open label

trials versus trials with blinded raters [19]. For ketamine and esketamine, due to the pronounced psychotropic

effects, blinding is hardly possible. The few studies where blinding success was assessed showed that clinicians,

patients, but also independent raters can guess better than chance if patients received (es)ketamine or placebo

[20]. Consequently, raters may, unconsciously or consciously, tend to choose a different response in line with their

expectations, especially when there is ambiguity which response level to choose from. For example, clinicians who

believe that esketamine is clearly superior to placebo may choose the response option indicating lower depression

symptoms. Moreover, given the frequent ambiguity about which response option is best fitting patients description

of the depression symptom and time pressure, clinicians may tend to harmonize the response options, meaning that

there is less variation in the response options. This may be less an issue for patient self reports, because patients

likely have less time pressure and maybe different expectations about treatments. Therefore, it has been suggested

that a comparison between self- and patient reports may be used as an estimation of rating bias [21].

To investigate this for esketamine, we will compare efficacy estimates from self-report and clinician rating

scales and also compare if ratings tend to be harmonized differentially in clinician-rating scales than in patients
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rating scales. For esketamine, patient ratings were already used anchoring to explore how this corresponds with

improvement on clinician rating scales [22], but the correlations and comparisons of variances were not investigated

yet. Clinician ratings and patient ratings were compared for the TRANSFORM II trial but not from TRANSFORM

I and III [22].

Unfortunately, blinding success was not directly assessed in Janssen’s esketamine trials. The occurrence of

adverse events may be used as a proxy for functional unblinding. This was already investigated using dissociation, a

common effect of esketamine. One study used the TRANSFORM II study and the SUSTAIN study data and found

no effects for dissociative experience on efficacy [23]. Another study pooled the TRANSFORM I and II studies and

again did not find effects of dissociation on efficacy outcomes in linear mixed effects model. However, dissociation

on day 1 was significantly associated with a significant reduction in the MADRS score at day 2 [23].

2 Study Overview

This statistical analysis plan (SAP) describes secondary analyses of individual participant data (IPD) from random-

ized, placebo-controlled esketamine trials in adults with major depressive disorder (MDD). The analyses will be

performed using data made available through the Yale Open Data Access (YODA) Project Platform [24].

The SAP focuses on two predefined clinical topics:

1. Topic 1: Heterogeneity of treatment effect in MADRS. We will first describe MADRS outcome distribu-

tions and baseline-adjusted residual distributions by treatment arm. We will then assess evidence compatible

with treatment-effect heterogeneity using variance-ratio analyses and finite mixture models. If these analyses

suggest relevant heterogeneity, we will explore whether baseline covariates help explain this heterogeneity

using predicted individual treatment effect models and flexible exploratory modelling. As an optional method-

ological extension, if relevant baseline variables are identified in the covariate-based HTE analyses, we may

use simulation to illustrate how individual-level borrowing from historical trials, while accounting for baseline

covariates, could affect the estimation of subgroup-specific treatment effects.

2. Topic 2: Comparison with PHQ-9. Where PHQ-9 data are available, we will repeat the main distributional

analyses, including descriptive plots, variance-ratio analyses, and finite mixture models, and compare the

findings descriptively with the MADRS results. Optional analyses may consider the joint behaviour of MADRS

and PHQ-9, including their correlation.

2.1 Overall Study Objective

The overall objective is to use shared IPD from randomized esketamine trials to investigate whether the average

treatment effect conceals clinically relevant variation between patients, whether treatment effects differ between

clinician-rated and patient-reported outcomes, whether previous depression trial data can be used responsibly for

historical borrowing.

The analyses are exploratory and hypothesis-generating. They are intended to clarify methodological questions,

identify signals worthy of future confirmation, and support transparent analysis strategies for secondary use of

clinical trial data.

3 Study Methods

3.1 Trial Eligibility Criteria

Eligible trials must meet all of the following criteria:

1. randomized, double-blind, placebo-controlled clinical trial;

2. evaluation of esketamine as an intervention;

3. adult participants aged 18 years or older;

4. diagnosis of major depressive disorder;

5. availability of individual participant data;

6. availability of baseline depression severity and randomized treatment assignment;

7. availability of at least one post-baseline depression severity assessment.
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Trials will be classified according to clinical population and design characteristics. In particular, trials in

treatment-resistant depression and trials in patients with acute suicidality will be analysed separately unless pooling

is clinically and methodologically justified.

3.2 Participant Eligibility Criteria

Eligible participants are randomized adults with known treatment assignment and available baseline depression

severity assessment. Endpoint-specific analyses will include participants with the relevant outcome observed or

derivable within the predefined visit window. Participants without endpoint data will be included in descriptive

summaries of missing data and in longitudinal or joint modelling analyses where appropriate.

3.3 Intervention and Comparator

The intervention is esketamine administered according to the trial-specific protocol. Esketamine may have been

administered as augmentation to standard-of-care antidepressant therapy or, where applicable, as monotherapy.

The comparator is placebo administered according to the trial-specific protocol, either as augmentation to

standard of care or as monotherapy.

3.4 Outcomes

3.4.1 Primary Clinician-Rated Outcome

The primary clinician-rated outcome is the Montgomery–Åsberg Depression Rating Scale (MADRS) total score at

the main endpoint.

For treatment-resistant depression trials, the main endpoint is Day 28, defined as the assessment closest to

Day 28 within a Day 25–28 window. If multiple assessments are available within this window, the latest assessment

will be used.

For trials in patients with acute suicidality, the main endpoint is 24 hours after the first dose. If an exact

24-hour assessment is not available, the assessment closest to 24 hours after first dose will be used.

Because these populations and endpoint timings address different clinical questions, treatment-resistant depres-

sion trials and acute suicidality trials will not be pooled in the primary analysis unless there is a clear justification.

3.4.2 Patient-Reported Outcome

The main patient-reported outcome is the Patient Health Questionnaire-9 (PHQ-9) total score at the corresponding

endpoint, where available. Other patient-reported depression outcomes may be included if they can be harmonized

across trials and measured at comparable time points.

4 Analysis Populations

4.1 Main Analysis Population

The main analysis population will include all randomized participants with known treatment assignment and available

baseline MADRS total score.

4.2 Endpoint Analysis Population

Endpoint analyses will include participants from the main analysis population with an observed endpoint value within

the predefined visit window.

4.3 Clinician-Rated Versus Patient-Reported Outcome Population

Analyses comparing clinician-rated and patient-reported outcomes will be restricted to participants and trials with

both outcome types measured at comparable time points.
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5 General Statistical Principles

All analyses will account for the multi-trial structure of the data. Trial will be included as a fixed effect in simple

endpoint models and as a random effect or hierarchical level in meta-analytic and Bayesian models where appropriate.

Continuous outcomes will be summarized by treatment arm and trial using means, standard deviations, medians,

interquartile ranges, minima, maxima, and graphical displays of the full distribution. Binary outcomes will be

summarized using counts and percentages.

Treatment effects and relevant measures of interest (Correlations, regression coefficients, ICCs, etc.) will be

reported with confidence intervals or credible intervals, as appropriate. Because the analyses are exploratory, p-

values will be interpreted descriptively. Emphasis will be placed on effect sizes, uncertainty, consistency across

trials, and sensitivity to modelling assumptions.

No formal adjustment for multiplicity is planned. The interpretation of findings will distinguish between confir-

matory evidence, exploratory evidence, and hypothesis-generating signals.

6 Statistical Analysis

6.1 Module 1: Heterogeneity of Treatment Effect and Possible Super-Responders

6.1.1 Analysis of the Primary Endpoint

Let i index participants and r = 1, . . . , R index trials. Let Yi r denote the endpoint MADRS total score, Bi r
the baseline MADRS total score, and Ti r ∈ {0, 1} the randomized treatment indicator, where Ti r = 1 denotes
esketamine and Ti r = 0 denotes placebo. Trial fixed effects are denoted by ηr . The primary endpoint analysis will

use an ANCOVA model adjusting for baseline MADRS total score, treatment arm, and trial:

Yi r = α+ βTi r + γBi r + ηr + ϵi r .

The coefficient β estimates the baseline- and trial-adjusted mean difference in endpoint MADRS between eske-

tamine and placebo. Since lower MADRS scores indicate lower depression severity, negative values of β favour

esketamine.

MADRS at day 28 (treatment resistant depression) or day 2 (suicidal depression) and baseline MADRS by trial

and arm will be summarized descriptively and used for graphical visualization of distributions.

Variability-ratio analysis. Variability-ratio analyses will be used to compare the variability of baseline-adjusted

MADRS outcomes between the esketamine and placebo groups. Trial-specific ANCOVA models will first be fitted:

Yi r = αr + βrTi r + γrBi r + ϵi r , i ∈ r.

Within each trial r , the adjusted variability ratio will be defined as

VRr =
SD(ϵ̂i r : Ti r = 1)

SD (ϵ̂i r : Ti r = 0)
.

The log variability ratios, log(VRr ), will then be synthesized across trials using random-effects meta-analysis:

log(VRr ) = θ + ur + er , ur ∼ N(0, τ2),

where θ is the average log variability ratio across trials, ur is the between-trial random effect, and er is the

trial-specific sampling error. Values of VRr > 1 indicate greater adjusted outcome variability in the esketamine arm

than in the placebo arm. This will be interpreted as evidence compatible with treatment-effect heterogeneity.

Mixture-model analysis. Mixture-model analyses will be used to explore whether the distribution of baseline-

and trial-adjusted MADRS residuals can be decomposed into latent response components. First, residuals will be

obtained from the pooled ANCOVA model:

ϵ̃i r = Yi r −
(
α̂+ β̂Ti r + γ̂Bi r + η̂r

)
.

A Gaussian finite mixture model will then be fitted to ϵ̃i r . For K latent components,
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f (ϵ̃i r | Ti r ) =
K∑
ℓ=1

πℓ(Ti r )φ
(
ϵ̃i r ;µℓ, σ

2
ℓ

)
,

where φ(·;µℓ, σ2ℓ ) denotes a Gaussian density with component-specific mean µℓ and variance σ2ℓ , and πℓ(Ti r )
denotes the probability of belonging to component ℓ, allowed to differ by treatment arm. Models with K = 1, 2,

and 3 components will be compared using BIC, component stability, clinical interpretability, and consistency across

trials. A favourable response component will be defined as a component with lower residual MADRS values, because

lower endpoint MADRS scores indicate better outcome after adjustment for baseline and trial. Such a component

will be interpreted as compatible with treatment-related super-response only if it is more frequent in the esketamine

arm than in the placebo arm and is not dominated by a single trial.

6.1.2 Sensitivity Analyses on the Primary Endpoints

As a further exploratory assessment, item-level MADRS analyses may be considered if item-level data are available

and sufficiently complete, particularly if the variability-ratio or mixture-model analyses suggest distributional hetero-

geneity. This analysis will not redefine the primary endpoint and will not use the latent IRT score as a replacement

outcome. Instead, it will be used to assess whether the MADRS total-score findings may be related to item-level

response patterns, item weighting, or floor/ceiling effects. This sensitivity analysis is based on the graded-response

IRT model previously applied to MADRS item data. In this model, the observed MADRS item scores are assumed

to arise from an underlying latent depression severity variable, denoted here by ψ. The model relates each ordinal

item score to ψ through item-specific discrimination and threshold parameters, as described for the MADRS by

Carmody et al. and subsequently used in a ketamine trial by Otto et al. [25, 26].

Let Ui rmv denote the observed score for participant i in trial r , MADRS item m = 1, . . . , 10, and visit v ∈
{0, 28}, where Ui rmv ∈ {0, 1, . . . , 6}. For item m and category threshold c = 1, . . . , 6, the graded-response IRT

model is

P (Ui rmv ≥ c | ψi rv ) = logit−1 {am(ψi rv − bmc)} ,

where ψi rv is latent depression severity, am is the item discrimination parameter, and bmc is the item threshold

parameter. The probability of a specific item score can be obtained from adjacent cumulative probabilities:

P (Ui rmv = c | ψi rv ) = P (Ui rmv ≥ c | ψi rv )− P (Ui rmv ≥ c + 1 | ψi rv ).

Item characteristic curves and item/test information curves will be used to assess which MADRS items are most

informative across the latent severity range and whether floor or ceiling effects are present. The favourable

response component identified from the MADRS total-score mixture model will then be examined at the item level.

Specifically, Day 28 item-score distributions, item-level floor proportions, and item-level changes from baseline will

be compared across treatment arms and mixture components. If the favourable component is broadly reflected

across multiple MADRS items, this will support the interpretation of a general depression-severity response pattern.

If the component is concentrated in a small number of items, in low-discrimination items, or in near-floor responses,

this will suggest that the apparent treatment-effect heterogeneity in the MADRS total score may partly reflect

item weighting, symptom-specific response, or floor effects.

6.1.3 Exploratory analyses

If the variance-ratio and mixture-model analyses of MADRS provide evidence for treatment effect heterogeneity,

subsequent exploratory analyses will investigate whether baseline characteristics are associated with larger treatment

benefit or membership in a favourable response component. Let Xi r denote the vector of pre-specified candidate

baseline covariates for participant i in trial r . Candidate variables may include age, sex, race, employment status,

education level, number of previous depressive episodes, duration of the current depressive episode, family history

of psychiatric disorders, past substance use disorder, and baseline depression severity.

Univariate treatment-covariate interaction models. Conventional univariate treatment-covariate interaction

models will be fitted separately for each candidate baseline variable.

Yi r = α+ βTi r + γBi r + ηr + λkXkir + δkTi rXkir + ϵi r .

The coefficient δk is the treatment-covariate interaction estimate. Because lower MADRS scores indicate better

outcome, δk < 0 indicates that larger values of Xk are associated with greater predicted benefit from esketamine,

assuming Ti r = 1 denotes esketamine.
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However, conventional treatment-covariate interaction analyses may miss more complex forms of HTE because

they usually assess one or a few prespecified covariates and often assume linear or additive effect modification.

Following the PATH statement [27], we will therefore also consider predictive approaches to estimate treatment

benefit across multivariable baseline covariate profiles, including PITE models with penalised interaction selection

and BART as a flexible exploratory model.

PITE-LASSO model. A multivariable predicted individual treatment effect (PITE) model with LASSO selection

will be considered [28]. The working model is

Yi r = α+ βTi r + γBi r + ηr + X
⊤
i rλ+ Ti rX

⊤
i rδ + ϵi r .

The main effects, treatment term, baseline MADRS, and trial effects will be retained in the model, while the

treatment-covariate interaction coefficients δ may be penalised. The penalised estimation problem can be written

as

min

[∑
i ,r

{
Yi r − α− βTi r − γBi r − ηr − X⊤i rλ− Ti rX⊤i rδ

}2
+ λpen

p∑
k=1

|δk |

]
,

where Xi r denotes candidate baseline covariates other than baseline MADRS, λpen is the tuning parameter con-

trolling the degree of shrinkage. For participant i in trial r , the predicted individual treatment effect will be defined

as

P̂ITEi r = Ŷi r (Ti r = 1)− Ŷi r (Ti r = 0) = β̂ + X⊤i r δ̂.
Negative PITE values indicate greater predicted benefit from esketamine, because lower MADRS scores indicate

better outcome.

BART model. Bayesian additive regression trees (BART) may be fitted as a flexible exploratory model for

conditional treatment effects. The BART model will include treatment, baseline MADRS, trial, and candidate

baseline covariates Xi r :

Yi r = f (Ti r , Bi r ,Xi r , r) + ϵi r , ϵi r ∼ N(0, σ2),
where the unknown regression function f (·) is represented as a sum of regression trees:

f (Ti r , Bi r ,Xi r , r) =

H∑
h=1

g (Ti r , Bi r ,Xi r , r ; Th,Mh) .

Here, Th denotes the structure of tree h,Mh denotes its terminal-node parameters, and H is the number of trees.

The individual conditional treatment effect will be estimated by contrasting posterior predictions under esketamine

and placebo for the same baseline covariate profile:

∆BARTi r = E{Yi r | Ti r = 1, Bi r ,Xi r , r} − E{Yi r | Ti r = 0, Bi r ,Xi r , r}.

Negative values of ∆BARTi r indicate greater predicted benefit from esketamine. BART will be used to explore non-

linear or multivariable patterns that may not be captured by conventional interaction models or LASSO. Variable-

importance and variable-dependence summaries will be interpreted descriptively.

Analyses will be implemented in R using metafor for variability-ratio meta-analysis, flexmix for mixture models,

mirt for IRT item-characteristic curves, glmnet for PITE-LASSO, and bartCause/tidytreatment for exploratory

BART analyses. Example code is provided in Appendix.

Optional borrowing analysis If the exploratory HTE analyses identify a plausible baseline-defined subgroup or

covariate pattern associated with larger predicted treatment benefit, an optional simulation-based borrowing illus-

tration may be conducted. This analysis will illustrate how an identified HTE signal could inform the design or

analysis of a future subgroup-enriched trial.

Briefly, a hypothetical new randomized trial enriched for the candidate high-benefit subgroup would be simulated.

The subgroup treatment effect from this new trial alone would be compared descriptively with estimates obtained

by borrowing historical information in two ways: (i) general trial-level borrowing from the overall historical trial

population, and (ii) baseline-informed individual-level borrowing, where historical participants more similar to the

subgroup-enriched target population receive greater weight. The purpose is to illustrate that, when treatment

benefit is heterogeneous, borrowing should target the covariate distribution of the future trial population rather

than the overall historical average. Results would be interpreted as a methodological illustration only.
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6.1.4 Distributional Comparison

The full distribution of baseline-adjusted MADRS outcomes will be compared between treatment arms using:

1. density plots;

2. empirical cumulative distribution functions;

3. quantile plots;

4. arm-specific means and variances;

5. graphical summaries by trial and treatment arm.

The purpose is to assess whether treatment differences are compatible with a simple location shift or whether

the esketamine arm shows evidence of greater dispersion, asymmetry, or tail effects.

6.2 Module 2: Clinician-Rated Versus Patient-Reported Outcomes and Functional Un-

blinding

6.2.1 Objective

The objective of this module is to compare treatment effects estimated from clinician-rated and patient-reported

depression outcomes and to explore whether discrepancies between these outcomes are associated with treatment

assignment, adverse events suggestive of functional unblinding, or trial characteristics.

6.2.2 Harmonization of Outcome Scales

Clinician-rated MADRS and patient-reported PHQ-9 scores will be analysed on their original scales and, where

necessary, on standardized scales. Standardization will be performed within trial and time point:

Zi j =
Yi j−Ȳj
SD(Yj )

.

This will allow comparison of treatment effects across instruments with different ranges and measurement

properties.

6.2.3 Treatment Effects by Outcome Type

Treatment effects will be estimated separately for clinician-rated and patient-reported outcomes using ANCOVA

models adjusted for baseline score and trial.

For clinician-rated outcomes:

Y Cij = β
C
0 + β

C
1 Ti j + β

C
2 Y
C
ij0 + γ

C
j + ε

C
ij .

For patient-reported outcomes:

Y Pij = β
P
0 + β

P
1 Ti j + β

P
2 Y
P
ij0 + γ

P
j + ε

P
ij .

The key comparison will be whether the standardized treatment effect is larger for clinician-rated outcomes

than for patient-reported outcomes.

A larger clinician-rated effect may suggest rater sensitivity or rating bias, but alternative explanations such as

differences in symptom domains, measurement precision, and patient-clinician perspectives will be considered.

6.2.4 Association and Agreement

Association between clinician-rated and patient-reported outcomes will be assessed using Pearson or Spearman

correlations, depending on distributional properties. If meaningful, agreement will be studied by estimating intraclass

correlation coefficients (ICCs) which can be derived from random effect regression models and the estimated

variances of specific random effects.

Agreement will be assessed using:

1. cross-tabulation of severity categories;

2. Bland–Altman-type plots;

3. ICCs

4. standardized discrepancy scores;

5. trial- and treatment-specific graphical summaries.
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6.2.5 Calibration between clinical and patient-reported outcome

For each trial, we will estimate the relationship between MADRS total score and PHQ-9 total score using linear

regression with MADRS as the dependent variable and PHQ-9 as the independent variable. Trial-specific intercepts,

slopes, residual standard deviations, and predicted MADRS values at selected PHQ-9 scores will be reported. Non-

linearity will be explored using restricted cubic splines. Trial-specific calibration parameters will be combined using

random-effects meta-analysis, preferably using a bivariate model for intercept and slope. As an alternative clinically

interpretable approach, predicted MADRS values at pre-specified PHQ-9 anchor points will be meta-analysed.

Heterogeneity across trials will be quantified and displayed using forest plots and prediction intervals. Sensitivity

analyses will include change-score models, standardized-score models, and reverse calibration with PHQ-9 as the

dependent variable.

The primary interpretation should focus on whether PHQ-9 can provide a stable estimate of clinician-rated

depression severity as measured by MADRS.

Possible conclusions include:

1. Good calibration: similar intercepts and slopes across trials, low between-trial heterogeneity, narrow prediction

intervals.

2. Moderate calibration: average relationship is clear, but trial-specific variation limits precise conversion.

3. Poor calibration: substantial heterogeneity, non-linearity, or wide prediction intervals prevent use of a common

conversion rule.

The analysis estimates how PHQ-9 scores translate, on average, into MADRS scores across trials. How-

ever, because both scales capture overlapping but non-identical constructs, the calibration function should not be

interpreted as evidence that the scales are interchangeable at the individual-patient level.

6.2.6 Discrepancy Score

A discrepancy score will be defined as:

Di j = Z
C
ij − ZPij ,

where ZCij is the standardized clinician-rated score and Z
P
ij is the standardized patient-reported score.

Positive values indicate higher severity according to the clinician-rated measure relative to the patient-reported

measure. Negative values indicate lower clinician-rated severity relative to patient report.

Discrepancy scores will be modeled as:

Di j = α0 + α1Ti j + α2Di j0 + α3Y
C
ij0 + γj + εi j .

Additional models may include age, sex, clinical population, and other harmonized baseline characteristics.

6.2.7 Functional Unblinding

Adverse events likely to compromise blinding, including dissociation, sedation, dizziness, and other noticeable acute

effects, will be summarized by treatment arm and trial.

Exploratory models will assess if dissociation at the latest time-point before assessment of the primary outcome

is associated with:

1. larger clinician-rated improvement;

2. larger patient-reported improvement;

3. greater discrepancy between clinician-rated and patient-reported outcomes.

Because adverse events occur after randomization and may lie on the causal pathway between treatment and

outcome, these analyses will be interpreted cautiously. They will be used to explore the plausibility of functional

unblinding rather than to establish definitive causal effects.

7 Sensitivity Analyses

Sensitivity analyses may include:

1. separate analyses by clinical population;

2. exclusion of trials with non-comparable design features;
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3. alternative adjustment sets for baseline covariates;

4. leave-one-trial-out analyses;

5. analyses restricted to participants with both clinician-rated and patient-reported outcomes;

6. analyses excluding participants with major protocol deviations, if such information is available;

8 Presentation of Results

Results will be reported with emphasis on effect sizes, uncertainty, trial-to-trial consistency, and graphical presen-

tation.

The following displays are planned:

1. trial flow and availability of outcomes by analysis module;

2. baseline characteristics by trial and treatment arm;

3. endpoint MADRS distributions by treatment arm;

4. variance-ratio forest plot;

5. mixture-model component summaries;

6. clinician-rated versus patient-reported treatment effect comparison;

7. Bland-Altman plots;

8. discrepancy plots between clinician-rated and patient-reported outcomes;

All conclusions will distinguish clearly between evidence for average efficacy, evidence for heterogeneity, predic-

tion of response, prediction of treatment benefit, and exploratory signals of rating bias.
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10 Appendix

library(metafor)

library(nlme)

library(flexmix)

# Suppose:

# madrs˙d28 madrs˙bl: MADRS at day 28 and baseline

# trt = 0/1 (0=control, 1=treated)

# x1, x2, x3 = baseline covariates

# trial˙id is a factor for different trials

dat$trt˙f ¡- factor(dat$trt, levels = c(0, 1), labels = c(”placebo”, ”esketamine”))

# ============================================================

# ANCOVA for average treatment effect

# ============================================================

fit˙ancova ¡- lm( madrs˙d28 ˜ trt˙f + madrs˙bl + trial˙id, data = dat )

summary(fit˙ancova)

# for each trial data d, extract trial-specific baseline adjusted residuals

fit ¡- lm( madrs˙d28 ˜ trt˙f + madrs˙bl, data = d )

d$resid˙trial˙adj ¡- resid(fit)

# ================================================

# Variance ratio analyses

# ================================================

# Trial-specific variability ratios

x˙t ¡- d$resid˙trial˙adj[d$trt˙f == ”esketamine”]

x˙c ¡- d$resid˙trial˙adj[d$trt˙f == ”placebo”]

# within-trial F tests on adjusted residual variances

test ¡- var.test(x˙t, x˙c)

# combine the variability ratios measures of all d into vr.input for

# meta analysis, with the structure:

data.frame(

trial˙id = unique(d$trial˙id),

n˙t = length(x˙t),

n˙c = length(x˙c),
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sd˙t = sd(x˙t, na.rm = TRUE),

sd˙c = sd(x˙c, na.rm = TRUE) )

vr˙dat ¡- escalc( measure = ”VR”, sd1i = sd˙t, sd2i = sd˙c, n1i = n˙t, n2i = n˙c, data = vr˙input )

# Random-effects meta-analysis of log variability ratios

fit˙vr ¡- rma(yi, vi, data = vr˙dat, method = ”REML”)

summary(fit˙vr)

# ============================================================

# Mixture model

# ============================================================

# Pooled baseline and trial adjusted residuals for mixture model

fit˙resid˙pool ¡- lm( madrs˙d28 ˜ trt˙f + madrs˙bl + trial˙id, data = dat )

dat$madrs˙resid˙pool ¡- resid(fit˙resid˙pool)

# Gaussian mixture model, Q: how many mixture component? 2? 3?

set.seed(123)

mix˙1 ¡- flexmix( madrs˙resid˙pool ˜ 1, data = dat, k = 1,

model = FLXMRglm(family = ”gaussian”) )

mix˙2 ¡- flexmix( madrs˙resid˙pool ˜ 1, data = dat, k = 2,

model = FLXMRglm(family = ”gaussian”), concomitant = FLXPmultinom(˜ trt˙f) )

mix˙3 ¡- flexmix( madrs˙resid˙pool ˜ 1, data = dat, k = 3,

model = FLXMRglm(family = ”gaussian”), concomitant = FLXPmultinom(˜ trt˙f) )

# Compare number of components

BIC(mix˙1, mix˙2, mix˙3)

# Select the preferred model, for example:

mix˙best ¡- mix˙2

# Component-specific parameters

parameters(mix˙best)

# Posterior class assignment

dat$mix˙class ¡- clusters(mix˙best)

# Class proportions by treatment arm

prop.table(table(dat$trt˙f, dat$mix˙class), margin = 1)

# Check whether latent classes are dominated by specific trials

prop.table(table(dat$trial˙id, dat$mix˙class), margin = 1)

# ============================================================

# Univariate treatment-covariate interaction #

# ============================================================

lm(madrs˙d28 ˜ trt * X˙k + madrs˙bl + trial˙id, data = dat)

# The coefficient of trt:X˙k is the interaction estimate.

# ============================================================

# PITE-LASSO

# ============================================================

library(glmnet)

X˙lasso ¡- model.matrix( ˜ trt + madrs˙bl + trial˙id +

X1 + X2 + X3 + X4 + X5 + trt:X1 + trt:X2 + trt:X3 +
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trt:X4 + trt:X5, data = dat )[, -1]

y ¡- dat$madrs˙d28

# Penalise treatment-covariate interaction terms.

# Main effects and adjustment variables are retained.

penalty ¡- ifelse(grepl(”trt:”, colnames(X˙lasso)), 1, 0)

fit˙lasso ¡- cv.glmnet( x = X˙lasso, y = y, alpha = 1, penalty.factor = penalty )

# ============================================================

# BART

# ============================================================

library(bartMan)

library(dbarts)

library(bartCause)

library(tidytreatment)

# BART model for nonlinear outcome structure and interaction screening

fit˙bart˙screen ¡- bart(

x.train = X, # treatment, baseline MADRS, trial, and candidate covariates

y.train = madrs˙d28,

keeptrees = TRUE

)

# bartMan visualisations may be used to inspect variable importance

# and treatment-covariate interactions.

# BART treatment-effect model

te˙bart ¡- bartc(

response = madrs˙d28,

treatment = trt,

confounders = madrs˙bl + trial˙id + X1 + X2 + X3 + X4 + X5,

data = dat,

method.rsp = ”bart”,

method.trt = ”none”,

p.scoreAsCovariate = FALSE # since we are using trial data I assume randomization works.

)

# Conditional treatment effects

bart˙pite ¡- treatment˙effects(te˙bart)
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