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A B S T R A C T

Background: Psychotherapy and antidepressant medications are effective treatments for depression on average, 
yet individual response varies widely. Predicting which treatment is most effective for a given patient requires a 
comprehensive yet feasible assessment of baseline characteristics. This paper describes the development of a 
baseline battery to guide treatment allocation between behavioral activation and fluoxetine for adults with 
depression in primary care in India.
Methods: We used a six-step, multimethod approach to develop the battery. We updated a prior review to identify 
constructs associated with differential treatment response, conducted an expert survey (220 invited; 80 re
sponses) to refine the list, and selected measurement tools based on brevity, validity, and scalability. We applied 
semantic analysis to identify redundancies, piloted the battery with 200 primary care patients, and used 
advanced statistical methods to optimize item selection.
Results: The final battery comprised 68 constructs spanning clinical, psychological, cognitive, socioeconomic, and 
biological domains, assessed through questionnaires, tasks, and biomarkers. Pilot testing revealed comprehen
sion challenges, participant fatigue, and low-variability items. Data-driven item reduction removed more than 
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25% of items while retaining full construct coverage, reducing administration time from over three hours to 
approximately two.
Conclusion: This study shows how a structured, data-driven development process can yield a scientifically robust 
baseline assessment battery capturing a broad range of candidate treatment moderators. The battery will un
dergo further refinement following the results of the OptimizeD trial, which will identify the subset of baseline 
characteristics that meaningfully predict differential treatment response. While not intended as an 
implementation-ready clinical tool, the development framework presented here may help guide other re
searchers conducting similar precision treatment studies, particularly in resource-constrained settings.

1. Introduction

Major depressive disorder is one of the most common psychiatric 
disorders and a leading cause of disability worldwide (Ferrari et al., 
2024; McGrath et al., 2023). In primary care, two commonly recom
mended first-line treatments are behavioral activation (a brief evidence- 
based psychotherapy) and antidepressant medication, most commonly 
selective serotonin reuptake inhibitors (SSRIs) such as fluoxetine (Patel 
et al., 2016; WHO, 2010). While these interventions show comparable 
average treatment effects, individual response varies widely (Cuijpers 
et al., 2013, 2020; Maslej et al., 2021; Kaiser et al., 2022). This vari
ability has prompted efforts to develop precision treatment approaches 
that match patients to the treatment most likely to be effective for them.

A key distinction in these efforts lies between prognostic and pre
scriptive indicators. Prognostic indicators predict overall response to 
treatment, identifying patients who are more or less likely to improve 
regardless of the intervention they receive. In contrast, prescriptive in
dicators identify characteristics that predict whether a patient is more 
likely to benefit from one type of treatment than another. While both are 
useful, most existing research has focused on prognostic indicators, with 
relatively little attention given to prescriptive factors that can directly 
guide treatment selection (Cohen and DeRubeis, 2018). Early efforts to 
match patients to treatments relied on single indicators, such as 
depression subtype and severity, but no individual characteristic has 
shown sufficient predictive power to inform clinical decisions mean
ingfully (Cuijpers et al., 2012; DeRubeis et al., 2014; Kessler, 2018; 
Kessler et al., 2017). More recently, advances in machine learning have 
enabled the integration of multiple patient characteristics to improve 
personalized treatment assignment (Lee et al., 2018; Ermers et al., 2020; 
Chekroud et al., 2021; Puac-Polanco et al., 2023; LoParo et al., 2025; 
Chekroud et al., 2016). However, the performance and generalizability 
of these models depend critically on the quality, breadth, and feasibility 
of the baseline data on which they are trained. While many potential 
predictors – both prognostic and some prescriptive – have been proposed 
(Cohen and DeRubeis, 2018; Fournier et al., 2009; Kemp et al., 2008; 
Kessler et al., 2017), selecting which constructs to measure and how best 
to assess them remains a key challenge. Long and burdensome assess
ments reduce data quality and limit clinical scalability, underscoring the 
need for streamlined tools that retain predictive utility while remaining 
feasible for use in real-world settings.

In addition to challenges in measurement, several broader limita
tions continue to hinder progress in precision treatment research. First, 
small sample sizes in much of the existing literature limit statistical 
power to detect treatment-by-patient interactions and undermine the 
reliability of predictive models (Luedtke et al., 2019). Second, studies 
often assess only a limited number of patient characteristics, such as 
genetic markers, personality traits, or socioeconomic status, typically in 
isolation rather than as part of an integrated, cross-disciplinary frame
work (Bucher et al., 2019; De Carlo et al., 2016; Fonseka et al., 2018; 
Mulder, 2002; Newton-Howes et al., 2014; Phillips et al., 2015). Third, 
while there have been head-to-head comparisons of antidepressants and 
psychotherapy, much of the literature evaluates each against nonspe
cific controls, offering limited insight into prescriptive factors that can 
inform differential treatment selection (Cuijpers et al., 2013). Fourth, 
most precision treatment studies have been conducted in secondary or 

tertiary care settings, despite primary care being the first point of con
tact for most patients. Primary care populations differ from those in 
specialty care in ways that may affect treatment response, including 
milder symptom severity, greater comorbidity and stigma, and smaller 
effect sizes (Cuijpers et al., 2023; Driessen et al., 2010; Fournier et al., 
2010). Finally, the majority of this work has been conducted in high- 
income countries, which limits its relevance for low-resource health 
systems, where scalable and contextually appropriate predictive models 
are particularly needed (Moitra et al., 2022; Rathod et al., 2017).

The Optimizing Depression (OptimizeD) trial aimed to address these 
challenges by developing a comprehensive baseline battery for use in 
primary care that can predict whether an individual patient is more 
likely to benefit from fluoxetine or behavioral activation (Pozuelo et al., 
2025). Both treatments have demonstrated effectiveness across a range 
of international settings, including specifically in India, where the cur
rent study was conducted (Patel et al., 2017, 2003). This paper describes 
the multistep process undertaken to develop the OptimizeD baseline 
battery, focusing on strategies to streamline the assessment while 
maintaining the breadth across constructs needed to identify meaningful 
prescriptive indicators. The battery is intended as a research-stage dis
covery instrument and methodological demonstration: it is deliberately 
comprehensive to maximize the chance of identifying prescriptive pre
dictors, with the expectation that trial results will enable substantial 
shortening toward a scalable clinical tool. This is made possible by the 
scale of the OptimizeD trial, which randomizes 1500 participants – well 
above the 600–1000 total estimated to be required to develop a useful 
algorithm (Pozuelo et al., 2025). While focused on a comparison of two 
specific treatments in one setting, the resulting battery provides a 
practical and generalisable framework for advancing precision treat
ment research in low-resource primary care settings, and may serve as a 
template for future precision studies in depression treatment.

2. Methods

We used a six-step, systematic approach to develop the baseline 
battery, including updating a previous review, surveying experts, 
selecting brief and scalable measures, assessing redundancy, pilot 
testing in Indian primary care settings, and applying machine learning to 
streamline the tool. These steps are summarized in the sections that 
follow. All study procedures involving human subjects received ethics 
approval from institutional review boards in India (Sangath IRB: AB- 
2021-69; AIIMS Bhopal: EF0237) and the United States (Harvard Med
ical School IRB20–2144).

2.1. Step 1: Update of previous review

To identify potential predictors of differential treatment response, 
we first updated a previous systematic review by Kessler and colleagues 
that examined self-reported measures associated with differential 
treatment response (Kessler et al., 2017). The original review identified 
54 studies that met the inclusion criteria and reported on 28 baseline 
predictors of treatment response across six domains (sociodemographic, 
history of illness, comorbidities, life stress, personality traits, and 
others). The methodology for our update closely followed that of the 
original review. We used the same database (PubMed), search strategy 
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([“depress*” AND “predict*” AND (“treatment outcome” OR “treatment 
response” OR “course”) AND (“self-report” OR “survey” OR “question
naire”)]*), and inclusion criteria. Eligible studies involved participants 
receiving treatment for major depressive disorder (whether in ran
domized controlled trials, uncontrolled trials, or observational studies) 
and examined associations between baseline constructs and treatment 
outcomes. Our inclusion criteria did not restrict studies to fluoxetine 
(the SSRI used in OptimizeD), as our goal was to identify candidate 
predictors of antidepressant response broadly. We therefore included 
studies examining a range of pharmacological treatments – including 
agents less commonly used in primary care – given evidence that certain 
predictors operate across multiple antidepressant agents rather than 
being entirely drug-specific (Chekroud et al., 2017).

The literature search was conducted on September 9, 2022, and was 
restricted to English-language articles published between 2014 and 
2022. A single researcher (AM) compiled the search results and removed 
duplicates. Two reviewers (AM, SDH) independently screened the titles 
and abstracts of all retrieved references using Covidence to identify 
potentially eligible studies (Veritas Health Innovation, 2024). Full texts 
were obtained for studies that met the inclusion criteria or required 
further evaluation. Two reviewers (AM, KO) then independently 
assessed full texts for final inclusion and extracted data from the 
included studies, resolving any disagreements through discussion and 
consensus. To ensure consistency and accuracy, a third reviewer (JRP) 
subsequently reviewed all full-text articles. Reasons for excluding 
studies after full-text review were documented. Study quality was not 
assessed as part of this review update.

2.2. Step 2: Obtaining expert opinion

We conducted an expert survey to refine our list of potential pre
dictors and identify overlooked constructs. The survey targeted lead and 
senior authors from studies included in the reviews, as well as additional 
experts identified through hand-search and peer recommendations. 
Experts were asked to: (i) rate each construct on its likelihood of pre
dicting treatment response to behavioral activation and antidepressant 
medication; (ii) suggest additional constructs that were not included in 
the survey but might be relevant predictors; and (iii) recommend other 
experts who should be consulted in this process. Experts received a 
Qualtrics survey link via email on December 16, 2022 (the survey can be 
accessed via this link: https://hms.az1.qualtrics.com/jfe/form/ 
SV_baxdzDpQui8Gyy2). The survey was sent to 220 experts. Non- 
respondents received a single reminder email. The survey contained 
51 constructs derived from the reviews, and experts rated them on a 
binary scale (“Unlikely” = 0 vs. “Likely” = 1) in terms of their predictive 
value for each treatment modality separately. For each construct and 
treatment modality, we calculated the mean rating across experts. Given 
the binary response format, the mean corresponds to the proportion of 
experts endorsing the construct as “likely” to predict treatment response 
to behavioral activation or antidepressant medication and therefore 
serves as an index of expert consensus. Values closer to 1 indicate broad 
agreement that a construct is prognostic, values closer to 0 indicate 
agreement that it is not, and intermediate values reflect greater diver
gence in opinion. Open-ended fields allowed respondents to suggest 
additional constructs and recommend other experts to consult. Addi
tionally, all newly suggested constructs were added to our list of pre
dictors for further evaluation.

2.3. Step 3: Selection of measurement tools

After finalizing the list of predictors based on the systematic review 
(Step 1) and expert survey (Step 2), we identified appropriate mea
surement tools for each construct to be assessed via questionnaires. For 
each construct (e.g., sleep problems), we reviewed multiple candidate 
instruments, including brief items embedded within broader depression 
scales (e.g., PHQ-9, Hamilton Depression Rating Scale) as well as stand- 

alone measures (e.g., Insomnia Severity Index, Pittsburgh Sleep Quality 
Index). Available tools were systematically identified and compared 
against four pre-specified criteria: (i) Brevity: Preference was given to 
measures with fewer than 10 items to minimize participant burden and 
enhance usability in primary care settings; (ii) Prior validation: Tools 
with existing validation in India or similar low-resource settings were 
prioritized to improve cultural and contextual appropriateness; (iii) 
Language availability: Measures available in Hindi were favored to 
facilitate implementation without the need for additional translation 
and validation; and (iv) Public accessibility: Open-access and non- 
proprietary tools were prioritized to reduce costs and enhance scal
ability for future use. We identified and compared available tools for 
each construct to determine which met the highest number of desirable 
criteria. We applied a similar criterion to identify neurocognitive tasks 
for each construct, prioritizing tools that were brief, freely available, and 
previously validated in comparable settings.

2.4. Step 4: Assessing redundancy across tools

Many of the selected measurement tools included conceptually 
similar or nearly identical items, resulting in redundancy and increasing 
the length of the battery without improving construct coverage. For 
example, several scales included items assessing sleep problems or 
headaches, often worded slightly differently but evaluating the same 
underlying construct. To address this, we calculated an index of item 
semantic similarity to detect overlapping content across different mea
surement scales. We computed pairwise semantic similarity scores 
across the selected measurement tools for all items. This analysis was 
conducted in both English and Hindi to ensure cross-linguistic consis
tency. All items were extracted from the selected measures and pre
processed to ensure standardization. This involved removing extraneous 
text, such as response scale instructions and numerical labels, to isolate 
item content for comparison. Next, every item was encoded as a high- 
dimensional vector representation using OpenAI's text-embedding-ada- 
002 embedding model (OpenAI, 2023). This model captures the posi
tion of the tokenized text in the language vector space. Pairwise cosine 
similarity scores (normalized vector dot products) were then calculated 
between all items to assess their degree of semantic relatedness. Pairs 
with a similarity score of 90% or higher were flagged as potential du
plicates. Given the large number of total item pairs (>67,00), we focused 
our manual review on the 1% with the highest similarity scores. Two 
independent raters (AL, YP) reviewed these pairs in both English and 
Hindi to validate the automated findings. Each pair was assigned a 
similarity score using a standardized rating system (0 = totally separate, 
0.5 = some overlap, and 1 = perfect agreement). Inter-rater reliability 
was assessed using Cohen's kappa to measure agreement between raters.

2.5. Step 5: Pilot testing

To assess the feasibility and appropriateness of the selected mea
sures, we conducted a pilot study in Bhopal, Madhya Pradesh, a state in 
central India with a population of over 87 million, of whom nearly 73% 
reside in rural areas (Gov. of India, 2011; World Population, 2024). The 
pilot study aimed to evaluate the clarity, cultural relevance, and vari
ability of the measures to ensure that the final battery was well-suited 
for use in primary healthcare settings. This pilot included the full 
baseline battery (comprising questionnaires and neurocognitive tasks) 
while blood sample collection was conducted with a subset of 76 par
ticipants to assess the feasibility and acceptability of biological data 
collection.

Participants were recruited from eight Primary Healthcare Facilities 
in Bhopal and included adults aged 18 years or older, both with and 
without depression, as measured by the Patient Health Questionnaire 
(PHQ-9) using a cutoff of 10 (Kroenke et al., 2001). The PHQ-9 and the 
cutoff score of 10 have been validated in India, demonstrating good 
sensitivity and specificity for detecting major depression in primary care 
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settings (Patel et al., 2008). Participants were recruited regardless of 
whether they were seeking treatment for depression, ensuring a sample 
that reflects the broader primary care population rather than the 
treatment-seeking population typically seen in secondary care. This 
design ensured a full range of scores, allowing us to assess the sensitivity 
of the measures across different symptom levels. In addition to ethics 
approval, permission was obtained from local health authorities to re
cruit participants from primary care clinics. All participants provided 
written informed consent or verbal (witnessed) consent for participants 
who were illiterate, per local regulations (and as approved by the ethical 
review boards at each institution). Participants were provided with INR 
500 (~US$6) as compensation for their time for completing the baseline 
survey.

We collected both qualitative and quantitative data to identify 
problematic questions and refine measures. Qualitative feedback was 
gathered using two approaches. First, interviewers completed a post- 
fieldwork survey at the end of each day, documenting any difficulties 
encountered during data collection. Second, we audio-recorded assess
ments (with participant consent) and a research assistant (YP) reviewed 
and coded these interviews to identify participant difficulties, inter
viewer challenges, and contextual barriers. Together, these data sources 
provided a comprehensive understanding of field implementation 
challenges and informed the refinement of measures. Questions were 
flagged if they were frequently misread by interviewers, required 
repeated clarification from participants, or made participants uncom
fortable. For the quantitative analysis, we inspected the data to identify 
potential measurement issues. For example, we flagged overly lengthy 
scales that contributed to participant fatigue and items with low vari
ability, to which most participants selected the same response, indi
cating limited discriminative power.

2.6. Step 6: Item reduction analyses

Lastly, to reduce participant burden while maintaining coverage of 
each construct, we conducted a two-stage item reduction process for 
each construct using data from participants with moderate to severe 
depression (PHQ-9 ≥ 10). Analyses were conducted in this subsample to 
ensure that item selection reflected variation within the main trial's 
target population, rather than being influenced by responses from non- 
depressed participants for whom many constructs may have limited 
applicability. Single-item constructs (e.g., history of illness, treatment 
preference) were excluded from this process due to their brevity and 
relevance, as were sociodemographic characteristics, which were 
collected to characterize the sample. The analysis was conducted using 
Stata (version 17) (StataCorp, 2021).

In the first stage, we performed a principal-component factor anal
ysis to identify items that contributed weakly to the scale. We first 
examined the scree plots to determine the appropriate number of factors 
and tested one- and two-factor solutions. When a two-factor solution 
was indicated, Promax rotation was applied to allow for correlated 
factors (Fabrigar et al., 1999). Items with absolute factor loadings <0.4 
were considered weak contributors and examined for removal. Con
structs that did not align with theoretically expected factor structures (e. 
g., unidimensional constructs splitting into multiple factors) were 
reviewed. After finalizing item selection, a total score was computed for 
each construct using the retained items. In the second stage, we applied 
lasso regression with 10-fold cross-validation to refine the selection of 
the most predictive items of total scale scores (Tibshirani, 1996). Lasso 
penalizes less important predictors, reducing redundancy while 
ensuring optimal predictive value in the context of the linear additive 
link function. We examined coefficient paths to evaluate how variables 
entered or were excluded at different penalty levels.

3. Results

3.1. Step 1: Update of previous review

Our literature search identified 2797 potentially relevant studies. 
Removing one duplicate left 2796 unique records for title and abstract 
screening. Of these, 2679 studies were excluded based on relevance, 
leaving 117 full-text articles for further review. Following full-text 
screening, an additional 51 studies were excluded, resulting in a final 
inclusion of 66 studies (see Fig. 1).

Most of the included studies were conducted in high-income coun
tries, with the United States (42%), Canada (12%), and Germany (11%) 
being the most frequently represented. They were primarily randomized 
controlled trials (50%) and cohort studies (38%) evaluating the effec
tiveness of antidepressant medications (45%), psychological therapies 
(44%), or combination treatments (6%). Table 1 summarizes the key 
characteristics of these studies, while Table A1 in the supplementary 
materials details excluded studies and their reasons for exclusion.

Through this updated review, we identified 23 additional constructs, 
expanding the total number of constructs from 28 in Kessler et al. (2017)
to 51 in our combined review. This final set of 51 constructs was sub
sequently presented to experts for evaluation.

3.2. Step 2: Obtaining expert opinion

Of the 220 total experts invited, 80 (36%) completed the survey. The 
average time to complete the survey was 17.9 min (95% CI: 12.4–23.5 
min). Most respondents were based in institutions in high-income 
countries, with the largest representation from the United States 
(36%) and the United Kingdom (25%). Only two respondents were 
based in middle-income countries (one from China and one from India). 
This geographical distribution is consistent with the fact that our expert 
sample was derived from authors of papers included in both reviews, 
which predominantly comprised studies conducted in high-income set
tings. Respondents represented a broad range of institutions and disci
plines (Supplementary Table A2). The majority were senior academics 
(primarily Professors and Associate Professors) with extensive research 
experience, spanning clinical psychology, psychiatry, psychiatric 
epidemiology, and related fields (mean citations = 42,249; SD =
79,906). Although institutional affiliations were concentrated in high- 

Fig. 1. Study selection.
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Table 1 
Characteristics of included studies.

# Citation Country Study Type Intervention Comparator Constructs

1 (Akechi et al., 
2019)

Japan RCT Pharmacotherapy (mirtazapine) Pharmacotherapy 
(sertraline or sertraline 
augmented with 
mirtazapine)

Depression severity, suicidal 
ideation, medication side 
effects

2 (Allen et al., 
2021)

Canada RCT Pharmacotherapy (escitalopram 
augmented with aripiprazole)

Pharmacotherapy 
(escitalopram)

Neuroticism, stressful life 
events

3 (Arnow et al., 
2015)

United States, the 
Netherlands, 
Australia, New 
Zealand, and South 
Africa

RCT Pharmacotherapy (Escitalopram or 
Sertraline)

Pharmacotherapy 
(Venlafaxine)

Depression subtype 
(melancholic, atypical, 
anxious) [not significant]

4 (Bauer et al., 
2015)

Australia, Belgium, 
Canada, Czech 
Republic, Finland, 
France, Germany, 
Norway, Poland, 
Romania, South 
Africa, Sweden, USA.

Pooled analysis of 
two RCTs

Pharmacotherapy (extended-release 
quetiapine fumarate)

Placebo Baseline psychiatric history, 
demographic and disease 
characteristics (authors found 
no predictive association 
between constructs and 
efficacy outcomes)

5 (Bausch et al., 
2017)

Germany RCT Psychological (Cognitive Behavioral 
Analysis System of Psychotherapy)

Pharmacotherapy 
(escitalopram plus clinical 
management)

Childhood maltreatment, 
depression severity

6 (Békés et al., 
2015)

USA Observational 
study

Depression treatment (any; 87% were 
on medication)

N/A Perfectionism (self-criticism, 
personal standards, 
neuroticism, 
conscientiousness) and 
interpersonal chronic stres

7 (Buckman et al., 
2019)

United Kingdom Observational 
study

Psychological intervention (low & 
high intensity therapies)

N/A Attention control

8 (Chekroud 
et al., 2017)

USA Pooled analysis of 
9 RCTs

Pharmacotherapy (citalopram 
hydrobromide, escitalopram plus 
monotherapy, escitalopram plus 
bupropion hydrochloride, venlafaxine 
hydrochloride plus mirtazapine)

Placebo or 
Pharmacotherapy 
(duloxetine)

Three derived symptom 
clusters (emotional, sleep, 
atypical/somatic) found to be 
predictive of differential 
treatment response

9 (Chui et al., 
2016)

USA RCT Pharmacotherapy 
(sertraline, venlafaxine) & 
psychological intervention 
(supportive-expressive therapy)

Placebo Self-criticism, dependency, 
connectedness

10 (Cohen et al., 
2020)

Netherlands RCT Psychological intervention (CBT) Psychological intervention 
(psychodynamic therapy)

Depression severity, anxiety 
sensitivity, extraversion, and 
psychological treatment-needs

11 (Constantinou 
et al., 2020)

USA Observational 
study

Psychological 
(6–8 week course of multimodal 
inpatient treatment)

N/A Personality disorder symptoms

12 (Dawson et al., 
2017)

USA Observational 
study

Psychotropic medication only, 
psychotherapy only, or a combination 
of medication and therapy

N/A Executive Functioning

13 (Dinger et al., 
2017)

Germany RCT Psychological intervention 
(multimodal, psychodynamically 
oriented, day-clinic)

Psychological intervention 
(multimodal, 
psychodynamically 
oriented, inpatient)

Self-esteem

14 (Dunlop et al., 
2020)

Canada Non-randomized, 
open-label 
clinical trial

Pharmacotherapy (escitalopram) Healthy controls Reward processing

15 (Edmonds et al., 
2018)

Canada Observational 
study

Psychological intervention (internet- 
delivered CBT)

N/A Baseline severity, education 
level, being on disability

16 (Fitzpatrick 
et al., 2020)

Not specified Observational 
study

Psychological intervention (CT) N/A Maladaptive personality traits, 
interpersonal problems, social 
skills

17 (Forand and 
DeRubeis, 
2014)

Not specified RCT Responders to psychological 
intervention (CT)

Responders to 
pharmacotherapy with 
paroxetine (could be 
augmented with lithium or 
desipramine).

Extreme response style / 
Dysfunctional Attitude

18 (Fowler et al., 
2015)

USA Observational 
study

Pharmacotherapy, Psychological 
Intervention

N/A Early treatment (non) response

19 (Furukawa 
et al., 2020)

Japan RCT Pharmacotherapy (sertraline and 
mirtazapine)

Pharmacotherapy 
(switching to mirtazapine)

Socio-demographic variables 
(age, sex, education, 
employment status, and 
marital status), clinical 
characteristics (age at onset, 
number of previous depressive 
episodes, length of episode, 
concurrent physical illness), 
and depression characteristics 

(continued on next page)
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Table 1 (continued )

# Citation Country Study Type Intervention Comparator Constructs

during treatment (severity, 
adherence to 
pharmacotherapy).

20 (Gaspersz et al., 
2017)

Netherlands Observational 
study

Pharmacotherapy N/A Anxious distress

21 (Gerra et al., 
2014)

USA RCT Pharmacotherapy (bupropion 
extended-release or escitalopram)

Pharmacotherapy 
(bupropion extended- 
release and escitalopram)

Negative affectivity

22 (Gollan et al., 
2016)

USA Observational 
study

Psychological intervention (behavioral 
activation)

Healthy controls Negativity bias (significant), 
positivity offset (not 
significant)

23 (Hallgren et al., 
2017)

Sweden RCT Psychological intervention (exercise or 
CBT)

Treatment as usual Social relationships

24 (Hallgren et al., 
2016)

Sweden RCT Psychological intervention (CBT) Treatment as usual Habitual physical activity 
levels

25 (Hornstein 
et al., 2021)

Not specified Observational 
study

Psychological intervention (CBT, 
mindfulness, psychoeducation, heart 
rate variability biofeedback)

N/A Baseline depression severity, 
baseline anxiety severity, self- 
reported motivation, type of 
referral into the programme 
(self vs. healthcare provider), 
Work Productivity and Activity 
Impairment

26 (Jha et al., 
2018)

USA RCT Pharmacotherapy (bupropion-plus- 
escitalopram, venlafaxine-plus- 
mirtazapine)

Pharmacotherapy 
(escitalopram 
monotherapy)

Sub-threshold hypomanic 
symptoms

27 (Jha et al., 
2016)

USA RCT Pharmacotherapy (bupropion-plus- 
escitalopram, venlafaxine-plus- 
mirtazapine)

Pharmacotherapy 
(escitalopram plus 
placebo)

Improvement in work 
productivity

28 (Kaneriya et al., 
2016)

Not specified RCT Pharmacotherapy (venlafaxine and 
aripiprazole)

Pharmacotherapy 
(venlafaxine and placebo)

Executive function, severity of 
anxiety, and severity of 
medical comorbidity (not 
significant)

29 (Keefe et al., 
2016)

Not specified Secondary 
analysis of RCT 
(intervention arm 
only)

Psychological intervention (CT) N/A Increased focus on maladaptive 
beliefs, personality disorders

30 (Kertz et al., 
2015)

USA Observational 
study

Psychological intervention (CBT) and 
pharmacotherapy

N/A Repetitive negative thinking

31 (Khazanov 
et al., 2020)

USA RCT Combined pharmacotherapy and 
psychological intervention (CT)

Pharmacotherapy 
(antidepressant-only)

Distress and anhedonia

32 (Kudo et al., 
2016)

Japan Observational 
study

Naturalistic, uncontrolled treatment N/A Personality traits (significant: 
personal reserve, rejection 
sensitivity, and self-criticism; 
not significant: rejection 
sensitivity and self-criticism)

33 (Laird et al., 
2018)

USA RCT Pharmacotherapy (methylphenidate 
or citalopram)

Pharmacotherapy 
(methylphenidate and 
citalopram)

Resilience (grit, active coping 
self-efficacy, accommodative 
coping self-efficacy, and 
spirituality)

34 (Lorenzo-Luaces 
et al., 2020)

USA RCT Psychological intervention (CBT), 
Pharmacotherapy (fluoxetine) alone 
and in combination

Placebo Depression severity and 
chronicity

35 (Menchetti 
et al., 2014)

Italy RCT Psychological (interpersonal 
counseling)

Pharmacotherapy 
(sertraline or citalopram)

First episode of depression, 
baseline depression scores, 
daily functioning, comorbidity 
with anxiety disorder, smoking

36 (Metts et al., 
2018)

USA Observational 
study

Psychological intervention (CBT) N/A Neuropsychological 
functioning

37 (Mihaljevic 
et al., 2016)

Croatia Observational 
study

Pharmacotherapy (SSRI and 
benzodiazepines)

N/A Religiousness and spirituality

38 (Mills et al., 
2022)

USA RCT Pharmacotherapy (escitalopram plus 
bupropion or venlafaxine plus 
mirtazapine)

Pharmacotherapy 
(escitalopram plus a 
placebo)

Education level, employment 
status, minority status

39 (Moradveisi 
et al., 2015)

Iran RCT Psychological (behavioral activation) Pharmacotherapy 
(sertraline)

Attribution of treatment effects 
(patients' beliefs about why 
they recovered)

40 (Nguyen et al., 
2022)

USA RCT Pharmacotherapy (sertraline; 
sertraline nonresponders switched to 
bupropion)

Placebo Reward processing

41 (Perlis et al., 
2014)

USA Prospective, 
multi-step 
treatment trial 
(analysis of the 
STAR*D)

Pharmacotherapy (citalopram and 
augmentation with buspirone, 
bupropion or CT, or switch to 
venlafaxine, sertraline, bupropion or 
cognitive therapy)

Pharmacotherapy 
(citalopram)

Manic/hypomanic symptoms 
(DSM-5 mixed features)

42 (Perlman et al., 
2019)

Not specified Systematic meta- 
review

Pharmacotherapy (any) N/A Sociodemographic, symptom 
profile, genetic, neuroimaging, 

(continued on next page)
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Table 1 (continued )

# Citation Country Study Type Intervention Comparator Constructs

clinical comorbidities, and 
peripheral markers. But no 
conclusions about the overall 
directionality of each.

43 (Quilty et al., 
2017)

Canada Observational 
study

Pharmacotherapy 
(high versus a low affinity for the 
serotonin transporter)

N/A Childhood abuse

44 (Radkovsky 
et al., 2014)

Germany Single arm trial Psychological (individual & group 
CBT)

N/A Emotion regulation skills

45 (Rnic et al., 
2021)

Canada Non-randomized, 
open-label 
clinical trial

Pharmacotherapy (escitalopram) N/A Cognitive self-appraisals

46 (Rossom et al., 
2016)

USA Observational 
study

Usual care for depression N/A Health status, employment 
status, age, depression severity

47 (Saunders et al., 
2016)

United Kingdom Observational 
study

Stepped-care approach, with wide 
range of psychological treatments

N/A Age at referral, gender, 
depressive symptoms, anxiety 
symptoms, functioning, 
merdication prescription 
status, welfare status, ethnic 
group, phobia

48 (Schilling et al., 
2014)

Germany Observational 
study

Psychological (inpatient multimodal 
psychotherapy)

N/A Childhood abuse and neglect

49 (Schilling et al., 
2021)

Germany Secondary 
analysis of RCT 
(intervention arm 
only)

Psychological (CBT) N/A Life events, motivation, and 
risk/suicidality

50 (Stikkelbroek 
et al., 2020)

Netherlands RCT Psychological (CBT) Treatment as usual Age, gender, child/parent 
educational level, suicidal 
criteria, comorbidity, and 
severity of depression (none of 
them were significant)

51 (Stiles-Shields 
et al., 2015)

USA RCT Psychological (CBT over telephone) Psychological (CBT face- 
to-face)

Self-efficacy, baseline 
depression severity, education, 
social support, physical 
functioning, and employment 
status, sex

52 (Stiles-Shields 
et al., 2014)

USA RCT Psychological (CBT over telephone) Psychological (CBT face- 
to-face)

Comorbid anxiety

53 (Sumiyoshi 
et al., 2021)

Japan Observational 
study

Pharmacotherapy (a SSRI, SNRI, 
NaSSA and/or TCA/TeCA)

N/A Cognitive impairment, 
psychosocial function, quality 
of life

54 (Tait et al., 
2022)

United Kingdom Observational 
study

Psychological (CBT, counseling for 
depression, interpersonal 
psychotherapy, dynamic interpersonal 
therapy)

N/A Coping strategies (engagement 
coping and rumination) [not 
significant]

55 (Thiruchselvam 
et al., 2019)

Canada RCT Psychological (CBT) Pharmacotherapy 
(Bupropion, sertraline, 
venlafaxine, citalopram, 
escitalopram, fluoxetine, 
mirtazapine, and/or 
duloxetine)

Outcome/change expectancy 
in depression

56 (Vinckier et al., 
2017)

France Observational 
study

Pharmacotherapy (agomelatine) N/A Anhedonia

57 (Wagner et al., 
2017)

Germany RCT Pharmacotherapy (escitalopram +
early medication change to 
venlafaxine followed by an 
augmentation with lithium after non- 
response)

Pharmacotherapy 
(escitalopram for 
additional 2-weeks, 
followed by venlafaxine in 
case of non-response)

Depression severity, 
suicidality, depression subtype, 
comorbidities (social phobia, 
avoidant personality disorder)

58 (Wallert et al., 
2022)

Sweden Observational 
study

Psychological (internet-based CBT) N/A Demographic (age, education, 
work experience), clinical 
(prior episodes/treatment, 
severity, quality of life, 
substance, social anxiety, 
panic, alcohol use, sleep, sex 
drive, facial expressions, 
agitation, functioning), process 
(e.g., time to complete online 
questionnaires), and genetic 
(polygenic risk scores)

59 (Webb et al., 
2020)

USA Observational 
study

Psychological (CBT group and 
individual) and pharmacotherapy

N/A Depression severity, fatigue, 
concentration, anxiety severity, 
relationship problems, 
personality disorder, 
expectations of improvement, 
prior treatment, age of onxet, 
social anxiety, post-traumatic 

(continued on next page)
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income settings, more than half had prior research experience in low- 
and middle-income countries.

Experts provided ratings for constructs predicting treatment out
comes separately for either antidepressant medication or behavioral 
activation. The constructs evaluated spanned multiple domains, 
including sociodemographic factors, history of illness, and personality 
traits. A total of 28 constructs were rated as having greater prognostic 
value for behavioral activation, versus 23 constructs for antidepressant 
medication (Fig. 2). Constructs such as depression severity and chro
nicity received high endorsement proportions across both treatments, 
reflecting broad agreement regarding their prognostic relevance. In 
contrast, constructs such as religion received low endorsement pro
portions, indicating consensus that they are unlikely to predict treat
ment response. Other constructs (e.g., age) showed intermediate 
endorsement, reflecting a lack of strong agreement among experts. 
Thirty-one of the experts suggested additional constructs, many of which 
overlapped with each other or with constructs already included in the 
initial list. Based on these suggestions, we added nine new constructs to 
the final list, such as grief, markers of inflammation, and patients' 
treatment outcome expectations (i.e., whether they believe drug treat
ment or talking therapy would be most effective for them). This process 
resulted in a final list of 68 constructs: 60 assessed via self-report 
questionnaires, 5 via neurocognitive tasks, and 3 via biological or ge
netic indicators. Appropriate tools for each are described in the 
following section.

3.3. Step 3: Operations (measurement tools) selection

Across the 60 constructs identified in Steps 1 and 2 for questionnaire- 
based assessment, we reviewed 144 candidate instruments and selected 
one primary measure per construct (Table 2). The majority of selected 
tools fulfilled three or more of the four predefined criteria, and a third 
met all four. The selected instruments were generally brief (median 
number of items = 5; range = 1–20), supporting feasibility in primary 
care settings. Most measures were publicly accessible and non- 

proprietary. However, few were available in Hindi, requiring trans
lation and back-translation procedures for most instruments.

Further, we reviewed several options for assessing cognitive func
tioning, including the NIH Toolbox Cognition Battery and the ICMR- 
Neurocognitive Toolbox (Iyer et al., 2020; Weintraub et al., 2013). Ul
timately, we selected a subset of neurocognitive tasks from the NIH- 
funded Longitudinal Aging Study in India – Diagnostic Assessment of 
Dementia (LASI-DAD), a nationally representative, longitudinal study 
with extensive cognitive data (Lee et al., 2019). These tasks were pre
viously validated in India, including in Madhya Pradesh, and underwent 
rigorous translation and cultural adaptation.

3.4. Step 4: Assessing redundancy across tools

To reduce potential redundancy across the 60 selected questionnaire- 
based constructs, we conducted a semantic similarity analysis on the full 
set of items. A total of 67,161 possible item-pair combinations were 
analyzed for semantic similarity in both English and Hindi. Among 
these, 3734 pairs ranked in the top 5% of most similar items based on 
their computed similarity scores. Fig. A1 in the supplementary materials 
shows the semantic similarity matrix for English and Hindi, with yellow 
indicating the highest similarity and blue representing the most dis
similar items. The correlation between English and Hindi similarity 
scores was 0.73 (significant at 1%), indicating a strong but imperfect 
alignment between the two languages in item similarity. Further, there 
were more items rated as similar in Hindi than in English, as shown by 
the distribution of similarity scores (Fig. A2 in the supplementary ma
terials). Two human raters independently reviewed the top 1% of pairs 
(corresponding to 1080 pairs) in both English and Hindi. Despite the 
high similarity scores assigned by the embedding model, human in
spection revealed that many of these item pairs were, in fact, mean
ingfully different. The model's failures fell into two categories. In some 
cases, high similarity scores were driven by shared surface structure: 
items with near-identical wording but different clinical meaning 
received very high scores despite being conceptually distinct. For 

Table 1 (continued )

# Citation Country Study Type Intervention Comparator Constructs

stress disorder, mood stabilizer 
prescription, race

60 (Whiston et al., 
2019)

Not specified Systematic 
review & data 
analysis

Psychological (CBT) Psychological 
(Interpersonal 
psychotherapy)

Age, depression severity, 
individual format of 
administration, no adjuntive 
ADMs

61 (Williams et al., 
2016)

United States, 
Netherlands, 
Australia, New 
Zealand, South 
Africa

RCT Pharmacotherapy (escitalopram, 
sertraline or venlafaxine)

Pharmacotherapy 
(escitalopram, sertraline 
or venlafaxine)

Childhood trauma

62 (Worley et al., 
2014)

USA Secondary 
analysis of RCT

Psychological (Integrated CBT) Psychological (Twelve- 
Step Facilitation)

Neurocognitive impairment

63 (Yun et al., 
2020)

Canada Observational 
study

Pharmacotherapy (vortioxetine) N/A Early increases in physical 
activity

64 (Zilcha-Mano 
et al., 2019)

USA Data combined 
from two RCTs

Pharmacotherapy (citalopram or 
escitalopram

Placebo Patient expectancy

65 (Ziobrowski 
et al., 2022)

USA Observational 
study

Psychological (therapy not specified) N/A Antecedent and concomitant 
psychiatric conditions, clinical 
staging, treatment 
characteristics, protective 
factors/resilience, and socio- 
demographics

66 (Zisook et al., 
2019)

USA RCT Pharmacotherapy (switch to another 
antidepressant: sustained-release 
bupropion; combination with another 
antidepressant: sustained-release 
bupropion; or augmentation with an 
antipsychotic—aripiprazole)

Pharmacotherapy Employment status, severity, 
chronicity, anxiety, grief, 
childhood adversity, quality of 
life/positive mental health, 
age, mixed hypomanic 
symptoms

Note. Antidepressant medication (ADM), randomized controlled trial (RCT), cognitive behavioral therapy (CBT), cognitive therapy (CT), Twelve-Step Facilitation, 
selective serotonin reuptake inhibitor (SSRI), serotonin–norepinephrine reuptake inhibitor (SNRI), noradrenergic and/or specific serotonergic antidepressant (NaSSA), 
tricyclic/tetracyclic antidepressant (TCA/TeCA).
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example, a pair asking about “past year” versus “lifetime” episodes of 
low mood scored 0.983, and a fatigue item from the PHQ-9 was paired 
with a nausea item from the PHQ-15 (0.967); likely because both begin 
with the introductory phrasing “Over the last two weeks.” In other cases, 
high scores appeared with no obvious structural explanation. For 
example, an item asking how often a respondent felt overwhelmed in the 
past month was flagged as highly similar to an item asking about 
treatment preferences; similarly, an item about bouncing back from 
hardship was paired with one about keeping emotions to oneself. These 
failures suggest the model failed to capture meaning and that similarity 
scores were unreliable indicators of true item redundancy.

Interrater reliability, as assessed by Cohen's kappa, was higher for 
English (κ = 0.40) than for Hindi (κ = 0.26), suggesting that semantic 
distinctions were easier to recognize in English. The lower agreement in 
Hindi may reflect translation challenges or cultural variations in item 
interpretation. Ultimately, this exercise did not help in reducing the 
number of survey items, as human raters determined that most flagged 
pairs were not true duplicates. However, given the rapid advancements 
in large language models since this analysis was run, we suspect that 
more recent iterations of this technology may yield significantly 
improved results. Table A3 in the supplementary materials provides an 
example of the most highly similar item pairs identified by the model, 
along with the human ratings.

3.5. Step 5: Pilot testing

Participants were enrolled between August 2023 and February 2024 
across eight primary care clinics in Bhopal. A total of 200 individuals 
participated in testing the baseline battery, including 125 individuals 
with moderate to severe depressive symptoms (PHQ-9 score ≥ 10) and 
75 individuals with PHQ-9 scores <10. The characteristics of the par
ticipants are summarized in Table A4 in the supplementary materials. 
Participants had a mean age of 38 years (SD = 14.6), 47% identified as 
female, and the majority were married. Educational attainment aver
aged 10 years of schooling. Self-reported Hindi reading ability varied 
across participants: approximately 10% reported poor or very poor 
reading ability, and a further 18% rated their ability as acceptable, 
suggesting that over a quarter of the sample had limited literacy. Half of 
the participants were employed in diverse occupations, and 35% were 
unemployed. Participants were distributed across PHQ-9 depressive 
severity categories, with one-third reporting minimal or mild symptoms, 
31% moderate symptoms, 21% moderately severe symptoms, and 11% 
severe.

3.5.1. Findings from qualitative data
We analyzed two sources of qualitative data: 514 structured feed

back surveys completed by interviewers and 40 audio-recorded baseline 
assessments coded by a research assistant. Both sources highlighted the 

Fig. 2. Proportion of experts endorsing constructs as prognostic for behavioral activation and antidepressant medication 
NB. Ratings were binary (“likely” vs. “unlikely”). Points show the proportion endorsing each construct as likely to predict response. Values near 1 indicate strong 
consensus, values near 0 indicate consensus that it is not prognostic, and intermediate values reflect disagreement. The dashed line denotes equal endorsement 
across treatments.
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Table 2 
Baseline constructs and measurement tools.

Domain Construct Measure # 
Items

Brevity Prior 
validation

Language 
availability

Public 
accessibility

# 
criteria

Sociodemographic Age 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Sex 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Gender 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Marital status 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Children 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Education 2-items 2 Yes Yes Yes Yes 4
Sociodemographic Literacy skills 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Employment 1-item 2 Yes Yes Yes Yes 4
Sociodemographic Income level 1-item 3 Yes Yes Yes Yes 4
Sociodemographic Caste 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Religion 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Urban/rural setting 1-item 1 Yes Yes Yes Yes 4
Sociodemographic Poverty status Simple Poverty Scorecard 

India
10 No Yes No Yes 2

Clinical Depression severity Patient Health Questionnaire 
(PHQ-9)

9 Yes Yes Yes Yes 4

Clinical Age of onset 1-item 1 Yes Yes No Yes 3
Clinical Chronicity 1-item 1 Yes Yes No Yes 3
Clinical Recurrent episodes 2-items 2 Yes Yes No Yes 3
Clinical Past psychiatric treatment 3-items 3 Yes Yes No Yes 3
Clinical Medication adherence 3-items 3 Yes No No Yes 2
Clinical Depression subtype Inventory of Depressive 

Symptomatology – Self Report 
(IDS-SR)

8 Yes Yes No Yes 3

Clinical Somatic symptoms Patient Health Questionnaire 
Somatic Symptom Scale (PHQ- 
15)

15 No Yes No Yes 2

Clinical Side effects Antidepressant Side-Effect 
Checklist (ASEC)

16 No Yes No Yes 2

Clinical Hopelessness Beck Hopelessness Scale – 
Short Version (BHS-4)

4 Yes Yes No Yes 3

Clinical Patient treatment preferences 1-item 1 Yes No No Yes 2
Clinical Family treatment preferences 1-item 1 Yes No No Yes 2
Clinical Outcome expectations 1-item 1 Yes No No Yes 2
Clinical Positive/negative affect Positive and Negative Affect 

Schedule – Short Form 
(PANAS-SF)

10 No No No Yes 1

Clinical Worry Penn State Worry 
Questionnaire – Abbreviated 
(PSWQ-A)

8 Yes Yes No Yes 3

Clinical Well-being World Health Organization 
Well-Being Index (WHO-5)

5 Yes Yes No Yes 3

Clinical Physical illness Composite International 
Diagnostic Interview (CIDI) - 
physical illness items

3 Yes Yes No Yes 3

Clinical Obesity Body Mass Index (BMI) based 
on weight/height

2 Yes Yes N.A Yes 3

Clinical Anhedonia Snaith-Hamilton Pleasure 
Scale (SHAPS)

14 No Yes No Yes 2

Clinical Patient activation PREMIUM Abbreviated 
Activation Scale (PAAS)

5 Yes Yes Yes Yes 4

Clinical Rumination Analytical Rumination 
Questionnaire (ARQ)

9 Yes No No Yes 2

Psychiatric 
comorbidity

Suicidality Columbia Suicide Severity 
Rating Scale – Screener (C- 
SSRS)

7 Yes Yes Yes Yes 4

Psychiatric 
comorbidity

Anxiety disorder Generalized Anxiety Disorder 
Scale (GAD-7)

7 Yes Yes Yes Yes 4

Psychiatric 
comorbidity

Alcohol use Alcohol Use Disorders 
Identification Test – Concise 
(AUDIT-C)

3 Yes Yes No Yes 3

Psychiatric 
comorbidity

Smoking 1-item 5 Yes Yes Yes Yes 4

Psychiatric 
comorbidity

Personality disorder Standardized Assessment of 
Personality – Abbreviated 
Scale (SAPAS)

8 Yes Yes No Yes 3

Psychiatric 
comorbidity

Sleep problems Brief Pittsburgh Sleep Quality 
Index (B-PSQI)

6 Yes Yes No No 2

Psychiatric 
comorbidity

Alexithymia Toronto Alexithymia Scale 
(TAS-20)

20 No Yes Yes Yes 3

Psychiatric 
comorbidity

Panic disorder Panic Disorder Severity Scale 
(PDSS)

2 Yes Yes No Yes 3

(continued on next page)
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excessive length of the baseline assessment as a key concern. Partici
pants, particularly older adults, individuals with limited literacy, and 
those with visual impairments, found the survey burdensome and often 
lost interest before completion. Many struggled with structured response 
formats, particularly Likert scales, as they preferred to describe their 
experiences in their own words rather than choose from predefined 
options. As a result, interviewers frequently had to repeat or rephrase 
items, further increasing administration time. Several measures proved 
particularly challenging to administer. Complex scales, such as those 
assessing depression subtype (Inventory of Depressive Symptomatology, 
IDS-SR), rumination (Analytical Rumination Questionnaire, ARQ), 
emotional regulation (Emotion Regulation Questionnaire, ERQ), and 
dysfunctional attitudes (Dysfunctional Attitudes Scale, DAS), were 
frequently misread by interviewers or required extensive explanation. 
Participants commonly sought clarification for items assessing 

anhedonia (Snaith-Hamilton Pleasure Scale, SHAPS), somatic symptoms 
(Patient Health Questionnaire, PHQ-15), personality traits (BFI), and 
alexithymia (TAS-20). These findings prompted additional interviewer 
training, development of supportive materials, and, in some cases, 
simplification of item wording (e.g., IDS-SR). Additionally, one of the 
cognitive tasks, the reinforcement learning task, was frequently 
described by both interviewers and participants as overly long and 
difficult for participants to understand or meaningfully engage with. To 
reduce the burden, we added a practice run and the option to stop after 
40 trials (the minimum needed for analysis). Sensitive topics posed 
additional challenges. Questions on suicide severity (Columbia Suicide 
Severity Rating Scale, C-SSRS), childhood trauma (Adverse Childhood 
Experiences, ACE), and intimate partner violence often made partici
pants visibly uncomfortable, occasionally leading to distress. Relatedly, 
substance use and sexual function questions were particularly sensitive 

Table 2 (continued )

Domain Construct Measure # 
Items 

Brevity Prior 
validation 

Language 
availability 

Public 
accessibility 

# 
criteria

Psychiatric 
comorbidity

Trauma Post-Traumatic Stress Disorder 
Checklist (PCL)

6 Yes Yes No Yes 3

Personality Attachment style Experiences in Close 
Relationships Scale – Short 
Form (ECR-12)

12 No Yes No Yes 2

Personality Neuroticism & extraversion Big Five Inventory – Short 
Form (BFI-10)

10 No Yes No Yes 2

Personality Anxiety sensitivity Short Scale Anxiety Sensitivity 
Index (SSASI)

5 Yes Yes No Yes 3

Personality Self-efficacy General Self-Efficacy Scale 
(GSE)

10 No Yes Yes Yes 3

Personality Self-esteem Rosenberg Self-Esteem Scale 
(RSES)

10 No Yes No Yes 2

Personality Resilience Abbreviated Connor-Davidson 
Resilience Scale (CD-RISC-2)

2 Yes Yes No No 2

Personality Dysfunctional attitudes Dysfunctional Attitude Scale 
(DAS-A-17)

17 No Yes No Yes 2

Personality Emotion regulation Emotion Regulation 
Questionnaire (ERQ)

10 No Yes Yes Yes 3

Life stress Childhood abuse Adverse Childhood 
Experiences Questionnaire 
(ACE)

10 No Yes Yes Yes 3

Life stress High stress Perceived Stress Scale (PSS- 
10)

10 No Yes No Yes 2

Life stress Intimate partner violence 2-items 2 Yes Yes Yes Yes 4
Life stress Loneliness UCLA Loneliness Scale (UCLA- 

3)
3 Yes Yes No Yes 3

Life stress Grief Prolonged Grief Disorder items 
+ Brief Grief Questionnaire

4 Yes No No Yes 2

Life stress Social support Multidimensional Scale of 
Perceived Social Support 
(MSPSS)

12 No Yes Yes Yes 3

Impact Disability World Health Organization 
Disability Assessment 
Schedule II (WHODAS-II)

12 No Yes Yes Yes 3

Impact Physical activity International Physical Activity 
Questionnaire – Short Form 
(IPAQ-SF)

7 Yes Yes No Yes 3

Impact Social functioning Social Functioning 
Questionnaire (SFQ)

8 Yes Yes No Yes 3

Neurocognitive Working memory Digit Span Task – N.A Yes Yes Yes 3
Neurocognitive Working memory Constructional Praxis Task 

(delayed recall)
– N.A Yes Yes Yes 3

Neurocognitive Inhibition Symbol Cancellation Task – N.A Yes Yes Yes 3
Neurocognitive Shifting Trail Making Task – N.A Yes Yes Yes 3
Neurocognitive Reinforcement learning Category learning task – N.A Yes No No 1
Neurocognitive Intellectual functioning RAVEN's task – N.A Yes Yes Yes 3
Neurocognitive Intellectual functioning Serial 7 s task – N.A Yes Yes Yes 3
Genetic risk Polygenic Risk Scores (PRS) based on a 

genome wide microarray based 
genotyping (GSA – Global Screening 
Array)

Depression and psychiatric 
traits

– N.A N.A N.A N.A N.A

Biological Inflammation C-Reactive Protein (CRP) – N.A N.A N.A N.A N.A
Biological Pharmacokinetics Cytochrome P450 2D6 

genotype (CYP2D6)
– N.A N.A N.A N.A N.A
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for female participants. To mitigate harm, interviewers were trained to 
handle sensitive topics and support distress; participants could skip 
questions or stop anytime, and all received a support resource list. 
Beyond comprehension and sensitivity issues, logistical and technical 
barriers also impacted data collection. Interviewers reported frequent 
environmental disruptions, including construction noise at clinics and 
interruptions from accompanying family members, which compromised 
privacy and may have influenced responses. Additionally, intermittent 
tablet malfunctions and server failures impeded smooth administration. 
In response, we revised site protocols to improve privacy, enhanced on- 
site technical support, and prioritized offline data collection software (i. 
e., REDCap).

3.5.2. Findings from quantitative data
The quantitative analysis supported and expanded upon several 

themes that emerged from the qualitative data, particularly regarding 
the overall length of the assessment, as well as the limited variability 
observed in responses to certain measures. The baseline assessment took 
an average of 3 h and 7 min to complete (95% CI: 2 h 53 min – 3 h 21 
min), including two planned breaks. However, in approximately one- 
third of cases, the interview had to be split across multiple days due to 
participant fatigue or limited availability, reinforcing concerns raised in 
the qualitative analysis. The longest scales, such as those assessing 
depression subtype (IDS-SR), alexithymia (TAS-20), and anhedonia 
(SHAPS), were also those frequently cited as problematic by in
terviewers and participants (see Fig. A3 in the supplementary materials). 
The majority of clinical and psychological constructs showed adequate 
distributional properties with no floor or ceiling effects (Supplementary 
Table A5). Exceptions were most notable for the substance use measure 
(ASSIST), where fewer than 3% of participants reported ever using 
stimulants, sedatives, or opioids, indicating that these questions may not 
capture meaningful variation in this population; contextually relevant 
adaptations were therefore made, such as adding smokeless tobacco 
products (e.g., chewing) given their prevalence in India (Rani et al., 
2003). Floor effects were also observed for some low-prevalence clinical 
experiences, including panic disorder (68.1%) and grief (51.1%). Pair
wise Spearman correlations across all battery scales are presented in 
Supplementary Fig. A4. The heatmap indicates broad dimensional 
coverage with limited redundancy across domains, though strong cor
relations were observed within the clinical symptom cluster (particu
larly among anxiety, PTSD, worry, negative affect, and somatic 
symptoms, r = 0.50–0.73). Of the 76 participants approached for blood 
sampling, 51 consented and 25 declined, most commonly due to fear of 
needles (52%) or general apprehension about blood draws (20%). These 
findings led to the inclusion of a saliva collection option in the main 
trial. With the addition of saliva sampling as a less invasive alternative, 
97% of participants in the main trial consented to provide either a blood 
or saliva sample. Although some biomarkers (e.g., C-reactive protein) 
cannot be assessed using saliva, this approach substantially improved 
participation in biological data collection.

3.6. Step 6: Item reduction analyses

Most scales exhibited a single-factor structure with strong item 
loadings (>0.4). However, a few measures indicated a two-factor 
structure, including the Positive and Negative Affect Schedule 
(PANAS-SF), which separated into positive and negative affect di
mensions, and the Emotion Regulation Questionnaire (ERQ), which split 
into reappraisal and suppression factors. For certain constructs, the 
factor structure did not align with the original scale (e.g., ARQ, SHAPS, 
ERQ), warranting further refinement. Additionally, some scales, such as 
the Toronto Alexithymia Scale (TAS-20), contained items with weak 
factor loadings, reinforcing the need for item reduction. We then applied 
Lasso regression to identify the most predictive items within each 
construct, reducing redundancy while preserving construct coverage. 
This resulted in substantial item reductions for certain scales, 

particularly for longer measures, such as Alexithymia (TAS-20, reduced 
from 20 to 5 items) and Dysfunctional Attitudes (DAS-17, reduced from 
17 to 5 items). However, some constructs, such as Childhood Trauma 
(ACE) and Depression Subtype (IDS-SR), were retained in full as they are 
well-supported in the literature as potential prescriptive indicators. In 
these cases, the study team prioritized complete item coverage to pre
serve clinically meaningful information that might be lost through 
reduction. Overall, the combination of both analyses led to a reduction 
in total items from 389 to 284, while preserving all core constructs 
identified in previous steps. This refinement significantly shortened the 
baseline assessment, reducing administration time from over 3 h to 
approximately 2 h, improving feasibility for both participants and 
research staff. A full summary of these results, item reductions, and 
retained items is presented in Table A6 in the supplementary materials. 
The full list of items included in the OptimizeD baseline battery is pro
vided in Table A7.

4. Discussion

This study outlines a systematic, stepwise multimethod approach to 
developing a baseline assessment battery for a precision treatment trial 
aimed at predicting differential response to two first-line treatments for 
depression: behavioral activation and fluoxetine. Drawing on findings 
from a previous review, expert input, pilot testing, and advanced sta
tistical techniques, we sought to balance the breadth of relevant pre
dictors with the brevity and feasibility required for implementation in 
real-world primary care settings. The resulting battery retains the full 
range of constructs identified in prior literature and expert consultation, 
while reducing administration time to approximately two hours. We 
acknowledge that this remains substantial and is not intended for 
routine clinical use at this stage. However, we anticipate that further 
reductions in length and complexity will be possible following the main 
trial, since not all measures will contribute to the resulting algorithm, 
improving the battery's scalability for use in routine depression care.

The final battery reflects a deliberately broad, multidimensional 
framework designed to capture the complex and heterogeneous nature 
of depression and its treatment response. It includes 68 constructs across 
clinical, psychological, cognitive, social, and biological domains – 
balancing well-established predictors (e.g., depression severity, comor
bid anxiety) with less commonly assessed yet potentially important 
factors (e.g., personality traits). This approach addresses a key limitation 
of much prior research, which has often relied on predictors drawn from 
a single domain, limiting the ability to capture the complexity of treat
ment response. Importantly, the battery also integrates multiple modes 
of assessment – including self-report questionnaires, neurocognitive 
tasks, and biological markers – each contributing complementary in
sights. While questionnaires capture subjective symptoms and psycho
social context, neurocognitive tasks provide objective insight into core 
cognitive functions such as memory, attention, and executive control. 
Biological measures complement these by offering data on genetic 
vulnerability through the generation of a polygenic risk score based on 
genome-wide microarray-based genotyping, assessment of the drug 
metabolising enzyme gene CYP2D6 genotype in the context of fluoxetine 
response, and underlying inflammatory processes. This multimodal 
design allows for a more comprehensive assessment of individual dif
ferences, which may enhance prediction accuracy and support the 
development of more mechanistically informed treatment models. 
Although biological markers are less scalable in primary care contexts 
(though the availability of these is expanding in primary care), one of 
the exploratory aims of the OptimizeD trial is to examine whether their 
inclusion improves predictive performance when added to the clinical 
decision tool (Pozuelo et al., 2025). These findings will help clarify when 
biological data enhances clinical utility.

Although several constructs in the battery were originally developed 
in Western contexts, instrument selection prioritized measures previ
ously validated in India or similar low-resource settings. The retained 
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constructs were supported by evidence from both the systematic review 
and expert consultation, suggesting their theoretical relevance for dif
ferential treatment response. However, whether these constructs carry 
the same conceptual meaning in rural Indian populations – and whether 
they function as effective treatment moderators in this context – remains 
an open question. Qualitative feedback from interviewers, for example, 
suggested that items relating to emotional awareness and dysfunctional 
cognitions sometimes required substantial contextual explanation. The 
OptimizeD trial will provide the first empirical test of whether these 
constructs generalize as treatment moderators in an Indian primary care 
population.

As part of the development process, we conducted a semantic simi
larity analysis to identify potential item-level redundancy across scales. 
While promising in principle, the model proved unreliable in practice 
and often failed to distinguish conceptually distinct items. In addition, 
the analysis was designed to detect redundancy at the item level rather 
than at the construct level, and could have therefore missed overlap 
between scales measuring the same underlying construct (although 
Fig. A4 suggests limited construct-level overlap). Future applications 
would benefit from more rigorous preprocessing to remove shared 
syntactic scaffolding, combining item-level with construct-level ana
lyses, and using more advanced embedding models. More broadly, these 
approaches are best used to flag potential redundancies for expert re
view rather than as standalone decision-making tools, although this may 
change as the technology continues to advance rapidly.

Beyond the empirical results, this work contributes a practical 
example of applied, data-driven instrument design. It stands in contrast 
to common practices in clinical research where measures are selected 
based on precedent or investigator preference. Our structured, evidence- 
based process strengthens internal validity, replicability, and general
izability, especially in applied and cross-cultural settings. In addition, 
the resulting battery may serve as a practical template for researchers 
designing baseline assessments for precision treatment trials in depres
sion and related areas. While grounded in depression research, the 
principles and framework we describe are broadly relevant for re
searchers designing multidimensional assessments under real-world 
constraints.

Despite its strengths, this study has several limitations. First, 
although the selected constructs were drawn from a global evidence 
base, the battery was designed specifically for use in Hindi in primary 
care settings in India. However, the grounding of the battery in inter
national literature enhances its potential adaptability and relevance 
across diverse contexts globally. Second, most predictors were measured 
using questionnaires, which are subject to recall bias, social desirability 
bias, and comprehension difficulties. While we selected validated, 
context-appropriate tools to minimize these issues, the inclusion of 
neurocognitive tasks and biological measures in the battery may also 
help address these limitations. Third, the systematic review update 
relied solely on PubMed, following the methodology of the original re
view. While PubMed captures much of the medical literature, 
psychotherapy-focused studies may be better indexed in psychology- 
specific databases (e.g., PsycINFO), potentially resulting in under- 
identification of certain psychotherapy-specific predictors. This limita
tion was partially mitigated by expert consultation, which included 
authors of key predictive and treatment studies, to identify constructs 
that may have been overlooked. Fourth, the expert consultation sample 
was derived largely from authors identified through the systematic re
view, and 40% of respondents were authors of included studies. 
Although this strategy ensured domain expertise, it may have intro
duced confirmation bias if experts overestimated the importance of 
constructs they had previously investigated. However, inclusion in the 
final precision treatment rule depended on the construct's empirical 
performance as a predictor of response (and differential response), 
rather than on expert ratings. In addition, most respondents were affil
iated with institutions in high-income countries, although more than 
half had prior research experience in low- and middle-income settings. 

This composition may nevertheless limit the extent to which the 
consultation reflects locally embedded perspectives. The survey also 
used a binary relevance rating (“likely” vs. “unlikely”), which simplified 
responses but may have limited the nuance with which experts could 
express their views. Fifth, efforts to reduce participant burden led to the 
removal or modification of some items, which may have weakened 
construct validity or excluded potentially informative predictors. In 
addition, the item reduction analyses were conducted in a relatively 
small analytic subsample, which may limit the stability and general
isability of the selected items. Sixth, individual indicators most strongly 
associated with a composite measure need not necessarily be the most 
predictive of outcomes (VanderWeele, 2022). The OptimizeD trial will 
provide an opportunity to assess whether these trade-offs affected the 
ability to detect moderation effects. If no moderation effects are detec
ted, it will be challenging to determine whether this is due to a theo
retical failure (i.e., no meaningful differential treatment response exists) 
or a measurement failure (i.e., the baseline battery did not capture 
predictors effectively). We will address both these possibilities by 
comparing the primary care sample recruited for this study to secondary 
care samples from prior trials to assess differences in key variables such 
as severity, chronicity, and prior treatment history (DeRubeis et al., 
2005) and by comparing the psychometric properties of the refined 
measures in the full trial with those of the battery tested in the pilot to 
assess whether item reduction compromised measurement precision.

A key strength of this work is that the development of the battery was 
grounded in empirical evidence, expert consensus, and feasibility con
straints relevant to low-resource healthcare settings. In doing so, this 
study moves beyond theoretical models of personalization toward the 
creation of a practical, scalable tool that can be integrated into primary 
care settings and inform real-time clinical decision-making. By identi
fying the most effective treatment for each patient at baseline, the 
approach holds potential to improve patient outcomes while reducing 
inefficiencies and strain on limited mental health resources. As digital 
and AI-driven decision-support systems continue to evolve, structured 
and streamlined baseline assessments, such as this one, may serve as 
foundations for automated triage tools, increasing reach and cost- 
effectiveness at scale.

In summary, this study presents a structured and replicable frame
work for designing scalable, data-driven baseline assessments to support 
precision mental health in low-resource settings. The current battery 
was designed to be comprehensive, serving both as a foundation for the 
OptimizeD trial and as a potential template for researchers conducting 
precision trials for depression management. OptimizeD will identify 
which variables (or combinations of variables) best predict optimal 
treatment assignment, providing proof of concept for implementing 
personalized depression care in primary care. More broadly, this 
approach can be adapted for other mental health conditions and inte
grated into clinical and policy frameworks to improve treatment effi
ciency and equity. As the field moves toward more individualized care, 
practical tools like this will be critical to closing the treatment gap and 
delivering better outcomes for diverse patient populations.
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