Psychological Medicine

www.cambridge.org/psm

Original Article

Cite this article: Byrne, D., Doyle, F., Brannick,
S., Carney, R. M., Cuijpers, P., Dima, A. L.,
Freedland, K. E., Guerin, S., Hevey, D.,
Kathuria, B., Wallace, E., & Boland, F. (2025).
Do complex psychometric analyses really
matter? Comparing multiple approaches using
individual participant data from
antidepressant trials. Psychological Medicine,
55, €289, 1-9
https://doi.org/10.1017/S0033291725101785

Received: 04 February 2025
Revised: 21 August 2025
Accepted: 26 August 2025

Keywords:

antidepressant agent; depressive disorder;
psychiatric status rating scales; randomized
controlled trails; psychometrics

Corresponding author:
David Byrne;
Email: david.byrne@rcsi.ie

© The Author(s), 2025. Published by Cambridge
University Press. This is an Open Access article,
distributed under the terms of the Creative
Commons Attribution-NonCommercial-
ShareAlike licence (http://
creativecommons.org/licenses/by-nc-sa/4.0),
which permits non-commercial re-use,
distribution, and reproduction in any medium,
provided the same Creative Commons licence
is used to distribute the re-used or adapted
article and the original article is properly cited.
The written permission of Cambridge University
Press must be obtained prior to any
commercial use.

CAMBRIDGE

UNIVERSITY PRESS

Do complex psychometric analyses really
matter? Comparing multiple approaches using
individual participant data from antidepressant
trials

, Frank Doyle” ©, Susan Brannick®, Robert M Carney”,
, Alexandra L Dima®"®, Kenneth E Freedland” ©,

, David Hevey'’, Bishember Kathuria'*, Emma Wallace

David Byrne'

Pim Cuijpers’

12,13

Suzanne Guerin® and

Fiona Boland’

'School of Population Health, Dublin, Ireland; *School of Population Health, RCSI University of Medicine and Health
Sciences, Dublin, Ireland; >Aware, Dublin, Ireland; *Department of Psychiatry, Washington University School of Medicine,
St Louis, USA; *Department of Clinical, Neuro and Developmental Psychology, Vrije Universiteit Amsterdam. Amster-
dam, the Netherlands; Avedis Donabedian Research Institute, Autonomous University of Barcelona, Barcelona, Spain;
"Health Technology Assessment in Primary Care and Mental Health (PRISMA), Institut de Recerca Sant Joan de Déu,
Esplugues de Llobregat, Spain; *Consortium “Centro de Investigacién Biomédica en Red” Epidemiology and Public Health
(CIBERESP), Madrid, Spain; *School of Psychology, University College Dublin. Dublin, Ireland; '°School of Psychology,
Trinity College Dublin. Dublin, Ireland; ' Medical Affairs, Novartis Ireland Ltd., Dublin, Ireland; '*Department of General
Practice, University College Cork, Cork, Ireland and "*Department of General Practice, RCSI University of Medicine and
Health Sciences, Dublin, Ireland

Abstract

Background. Psychometric methods are used to remove underperforming items and reduce
error in existing measures, albeit different approaches can produce different results. This study
aimed to determine the implications of applying different psychometric methods for clinical trial
outcomes.

Methods. Individual participant data from 15 antidepressant treatment trials from Vivli.org
were analyzed. Baseline (pretreatment) and 8-week (range 4—12 weeks) outcome data from the
Montgomery-Asberg Depression Rating Scale were subjected to best-practice factor analysis
(FA), item response theory (IRT), and network analysis (NA) approaches. Trial outcomes for the
original summative scores and psychometric-model scores were assessed using multilevel
models. Percentage differences in Cohen’s d effect sizes for the original summative and
psychometrically modeled scores were the effects of interest.

Results. Each method produced unidimensional models, but the modified scales varied from
7 to 10 items. Treatment effects (d = 0.072) were unchanged for IRT (10 items), decreased by
1.3%—2.8% (eight-item abbreviated d = 0.070; weighted score d = 0.071) for NA, and increased by
11%-12.5% (seven-item abbreviated model d = 0.081; weighted score d = 0.080) for FA.
Discussion. IRT and NA yielded negligible differences in effect outcomes relative to original
trials. FA increased effect sizes and may be the most effective method for identifying the items on
which placebo and treatment group outcomes differ.

Introduction
Different psychometric methods and their utility

The development of the questionnaires and rating scales that are used in contemporary psych-
iatry treatment outcome research usually involves some form of advanced psychometric analysis.
Historically, latent variable theory approaches, such as exploratory and confirmatory factor
analyses (EFA and CFA, respectively) have predominated in this area of research. These
approaches assume that participant scores on outcome measures are a function of latent
constructs, and that some of the items on a questionnaire or rating scores may be better indicators
of latent constructs than others (De Champlain, 2010). The aim of these techniques is to identify
the best set of items and then assess the validity and reliability of the resulting model in measuring
the latent construct.

Item response theory (IRT) focuses on how well individual items discriminate along a latent
trait. Participants’ item responses are measured to determine their ‘ability’ on the latent trait,
with the assumption that higher abilities increase the probability of endorsing respective items
(Reise & Waller, 2009). Network analysis (NA) eschews causal latent traits and instead posits
that observed items (e.g. symptoms) are mutually causal. Graphical networks of intercorrelated
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‘nodes’ are used to assess the items’ relationships (edges) and
importance (centrality) within the network (Borsboom, 2017;
Borsboom & Cramer, 2013). Each of these methods can be used
to identify and remove nonperforming scale items and used to
derive weighted outcome scores from resulting models. The
weighted scores may be more accurate measures of the construct
of interest than are unweighted total scores (Chalmers et al., 2023;
Golino et al., 2024; Rosseel et al., 2024).

These types of psychometric methods have played a key role in
the development and assessment of the most trusted and com-
monly adopted outcome measures used in social science research.
For example, they have been used to assess validity and reliability of
the most commonly used depression rating measures, including the
Montgomery-Asberg Depression Rating Scale (MADRS; Quilty,
Robinson, Rolland, Fruyt, & Rouillon, 2013), the Beck Depression
Inventory-II (Beck, Steer, & Garbin, 1988), the Patient-Reported
Outcome Measurement Information System (Nolte, Coon, Hud-
gens, & Verdam, 2019), and the Hamilton Rating Scale for Depres-
sion (HRSD; Hamilton, 1960). Such studies demonstrate the
importance of psychometrics in relation to valid and reliable meas-
urement, with the MADRS noted among the optimally performing
measures. However, due to their somewhat niche standing and high
degree of technical difficulty, the important role they play in good
measurement may not be fully recognized by researchers (Sijtsma,
2012), and the lack of a strong connection between psychometrics
as a field and substantive psychological research (Wijsen, Bors-
boom, & Alexandrova, 2022) might mean that more tangible
implications of psychometric methods have gone unexplored.

Do psychometrics matter in clinical trial outcomes? Existing
evidence

While theoretical arguments of the importance of psychometrics
have been made from the perspective of good measurement
(Sijtsma, 2012; Wijsen et al., 2022), relatively little research has
been conducted to compare these directly, or to explore the tangible
implications of these methods, such as those that might affect
clinical trial outcomes. One such study used factor analysis
(FA) and IRT techniques to conduct a psychometric sensitivity
analysis of secondary data collected using the Disability of Arm,
Shoulder and Hand (DASH) scale. The aim was to determine the
stability of study findings over time. The DASH scale was used to
measure upper limb function in 382 women receiving either usual
care or a novel exercise program after having undergone surgery for
breast cancer. Harrison, Hossain, Bruce, and Rodrigues (2023)
noted that the psychometric sensitivity analysis supported the
original trial findings (Bruce et al., 2021), in that upper limb ability
was higher at 12-month follow-up for the exercise group than for
the control group. The implication of the original trial outcomes
was that exercise improved upper limb mobility. However, this was
contradicted by the psychometric findings, which suggested that
exercise only prevented the deterioration seen in the control group.
This is an important distinction that sheds light on the true use-
fulness and efficacy of the exercise program, and the applicability of
psychometrics in trials.

Harrison, Hossain, et al. (2023) also examined the implications
of using model-based weighted scores by reweighting individual
item scores according to their contribution to an IRT model. While
scores performed similarly to the original analysis at 12 months, no
difference was found between the control and exercise groups at
6 months, contrary to the original study findings. Similar research
conducted by Harrison, Plessen, et al. (2023) examined data for the
Total or Partial Knee Arthroplasty Trial, which used the Oxford
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Knee Score to assess 528 patients undergoing total or partial knee
replacement and used IRT techniques to reweight item responses.
There were statistically significant differences in sum score out-
comes for total and partial knee replacement patients, but no
statistically significant differences in reweighted scores. A study
of RCT and simulated data conducted by Gorter et al. (2016) and
Gorter, Fox, Apeldoorn, and Twisk (2016) suggested that analyses
using sum scores could be biased to a degree of roughly one
standard deviation and that within-person variance tends to be
overestimated, while between person variance tends to be under-
estimated. Although there was no evidence of significant differ-
ences in outcome scores between groups, Gorter et al. argued that
IRT-weighted scores were a closer reflection of the true scores, as
they better accounted for bias. These studies have some limitations.
For example, Harrison, Hossain, et al. (2023) and Harrison, Plessen,
et al. (2023) used single trial data, which may not be generalizable.
Gorter et al. (2016) only assessed mean differences and did not
assess potential differences in standardized effect size outcomes,
which are superior to simple mean score differences as a measure of
the magnitude of observed differences (Sullivan & Feinn, 2012).

More recently, one study examined the effects of different
psychometric methods on antidepressant trial outcomes that used
the HRSD (Byrne et al.,, 2025). Data for 6,843 participants in 20
different trials were combined and FA, IRT, and NA were used to
obtain optimal abbreviated scales. Original sum scores and abbre-
viated data were analyzed to identify potential differences in effect
size outcomes. While the difference between sum score and IRT
outcomes were negligible, FA yielded a 10% increase in standard-
ized mean differences between antidepressants and placebo, while
NA produced a 15% decrease in effects. Interestingly, outcomes
using model-derived weighted scores were similar to those of
simple sum scores of the abbreviated scale from which they were
derived, suggesting weighted scores might not offer additional
utility. However, the HRSD-17 is known for its poor psychometric
performance (Bagby, Ryder, Schuller, & Marshall, 2004; Broen
et al., 2015; Desseilles et al., 2012; Byrne, Doyle, et al., 2024), so
further work is required with a measure that has demonstrated
better psychometric validity to determine if applying such compet-
ing approaches truly matters.

The present study

This study addressed these knowledge gaps and limitations by
conducting psychometric analyses of the MADRS pre- and post-
treatment using a pooled multi-trial sample. The MADRS is a
clinician-rated depression outcome measure consisting of 10 items
that assess a range of mood, thought, and neurovegetative symp-
toms and was introduced in the 1970s to provide an assay of
depression symptom severity superior to prevailing measures like
the HRSD (Quilty et al., 2013). The MADRS was selected for its
previously noted stability and superior performance, when com-
pared to other measures (Carmody et al., 2006; Carneiro, Fer-
nandes, & Moreno, 2015). The aim of this study was to examine
the impact of applying advanced psychometric methods on clinical
trial effect size outcomes.

Materials and methods
Dataset

Individual participant data (IPD) for the MADRS were obtained
from the online clinical trial data repository Vivli.org. Inclusion
criteria were participants older than 18 years of age in phase two,
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three, or four randomized controlled trials (RCTs) of major or
minor depression. Any antidepressant medication was acceptable
as the treatment, but only placebo was included as the comparator
to ensure outcomes were compared with a uniform control group.
The outcome measurement occasion was at 8 weeks after baseline,
with a range of 4-12 weeks, as per Cipriani et al. (2017). These
inclusion/exclusion criteria and methods were similar to those used
previously (Byrne et al., 2025), with the exception that the MADRS
was the outcome measure of interest instead of the HRSD. In an
additional deviation from this protocol (Doyle et al., 2023), we had
also originally intended to analyse data from two separate reposi-
tories, but this was not possible due to lack of access to some of the
data (see Supplementary Item 1).

Psychometric analysis

FA, IRT, and NA techniques were used to determine an optimal,
potentially abbreviated, version of the MADRS according to each
approach. Psychometric analyses were conducted using R v4.1.1 in
R Studio v1.4.1717 (R Core Team, 2013). FA was conducted as
outlined previously (Byrne, Doyle, et al., 2024; Doyle et al., 2023)
and involved parallel analysis of a randomly split exploratory group
(n = 3,481) to determine dimensionality and factor structure. Items
that did not make a sufficient contribution to a latent depression
trait were removed according established best practices (Costello &
Osborne, 2005), and models were confirmed in relation to several
fit indices using a confirmatory group (n = 3,481) (Schermelleh-
Engel & Moosbrugger, 2003; Smith & McMillan, 2001). Similarly,
IRT involved Mokken analysis of the exploratory group to deter-
mine the structure and dimensionality of the data (Crisan, Ten-
deiro, & Meijer, 2021), with graded response modeling (Chalmers
et al, 2023) conducted using the confirmatory group. NA was
conducted according to a published protocol (Byrne, Ghoshal,
et al, 2024a) and involved exploratory graphical analyses and
bootstrapping techniques recommended by Christensen and
Golino (2021). The CFA and IRT methods used are outlined in
detail in Supplementary Items 2 and 3, respectively. Detailed NA
methods are available elsewhere (Byrne, Ghoshal, et al., 2024a).

Weighted scores were then derived from the optimal
(abbreviated) models found by each method. CFA ‘factor scores’
were calculated using the ‘lavPredict’ function in Lavaan v0.6-9
(Gorter etal., 2015). IRT ‘expected scores’ were computed using the
‘expected test’ function in MIRT v1.36.1 (Chalmers et al., 2023),
and NA ‘net scores’ were calculated using the ‘net.score’ function in
EGAnet 1.1.0 (Golino et al., 2024).

Overall, this resulted in the original total scores being compared
with abbreviated CFA, IRT, and NA sum scores, as well as weighted
scores derived from respective models.

Effect size analysis

Multilevel regressions were used according to best practice methods
(Dickenson & Basu, 2005) to determine the effect sizes for the
collated data in relation to each of the above outcome scores
(Byrne et al., 2025; Doyle et al,, 2023). Outcome scores were
predicted adjusting for baseline scores, with treatment group as
the independent variable and study as the random intercept. Stand-
ardized mean differences, calculated as Cohen’s d (Cohen, 1988),
were obtained for outcomes using the original trial sum scores, as
well as each of the abbreviated and weighted scores. These were
then compared and percentage differences noted to determine if
psychometrically informed effect sizes differed from original trial
effects. Multilevel models were also adjusted for potentially
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moderating demographic variables, including age and sex
(Li et al., 2023; Wagner et al., 2020). A detailed description of the
effect size analysis plan is available with a published protocol (Doyle
et al,, 2023).

Results
Sample characteristics

A search of the Vivli.org database found 15 studies (n = 7,009) that
met the inclusion criteria (Supplementary Table 1). Of these, 6,962
complete cases were retained for analyses. As the number of cases
with missingness was very small (n = 47, 0.6%), sensitivity analysis
was not performed and missing data imputation was not con-
sidered. Data from each trial were collated into a single analysis
file and a variable was created to randomly split participants into
exploratory (n = 3,481) and confirmatory (n = 3,481) groups (Doyle
et al., 2023) using the rand() function in Microsoft Excel. Demo-
graphic characteristics, including age, sex and treatment type, can
be seen in Table 1.

Psychometric outcomes

The three psychometric methods specified different optimum
models, each of which were unidimensional. CFA factor loadings,
IRT Loevinger’s H coefficients and discrimination parameters, NA
centrality parameters and McDonald’s Omega reliability coeffi-
cients are presented in Table 2. Results for each method are briefly
outlined later. More detail on FA and IRT outcomes is available in
Supplementary Items 2 and 3, respectively, while NA outcomes are
available elsewhere (Byrne, Ghoshal, et al., 2024b).

Factor analysis

EFA found a unidimensional seven-item scale for all outcome
models, removing ‘Reduced Sleep’, ‘Reduced Appetite’, and ‘Sui-
cidal Thoughts’. EFA at baseline initially further removed ‘Inner
Tension’ and ‘Concentration Difficulties’. However, this led to
configural noninvariance between baseline and outcome models.
The outcome model showed optimal performance, so this was
retained for baseline. CFA factor loadings for the retained seven
items were acceptable at outcome, although ‘Inner Tension’ was
subthreshold at baseline.

IRT modeling

IRT retained all 10 items in a unidimensional model at outcome but
initially retained only ‘Apparent Sadness’ and ‘Reported Sadness’ at
baseline. The outcome model was again examined at baseline to
achieve configural invariance. The 10 items performed acceptably
at outcome but poorly at baseline, with all items presenting with
inadequate H values and relatively poor discrimination coefficients.

Network modeling

Network modeling specified four-community 10-item model at
baseline, which bootstrapping found to be unstable. Further analyses
indicated a single community eight-item model, which removed
‘Pessimistic Thoughts’ and ‘Suicidal Thoughts.” This network was
stable and configurally invariant with outcome models.

Effect size outcomes

Multilevel modeling using all 10 items showed a statistically sig-
nificant difference between placebo and active treatment groups
but presented with a small effect size (p < 0.001, d = 0.072). The
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Table 1. Sample age, sex, and treatment characteristics

David Byrne et al.

Overall Exploratory group Confirmatory group
n % n % n %
Age 18-29 1,180 16.9 621 17.8 559 16.1
30-39 1,542 221 732 21.0 810 23.2
40-49 1,952 28.0 986 28.3 966 27.7
50-59 1,650 23.7 826 23.7 824 23.7
60-69 566 8.1 281 8.0 285 8.2
70+ 72 1.2 35 11 37 11
Sex Male 2,568 36.9 1,275 36.7 1,293 37.1
Female 4,394 63.1 2,206 63.3 2,188 62.9
Treatment Placebo 2,260 324 1,132 325 1,128 324
Desvenlafaxine 2,250 323 1,122 323 1,128 324
Duloxetine 146 2.2 7 2.3 69 2.0
Lu AA21004 1,397 20.0 698 20.0 699 20.0
TAK-375SL 343 4.9 172 4.9 171 4.9
Vortioxetine 566 8.2 280 8.0 286 8.3
6,962 3,481 3,481
Table 2. Psychometric performance of abbreviated MADRS for baseline and outcome IRT, NA, and CFA models
Baseline Outcome
CFA IRT NA CFA IRT NA
T H a nl A H a nl
x01 Apparent sadness 0.572 0.183 1.566 0.340 0.897 0.638 4.399 0.440
x02 Reported sadness 0.673 0.252 2.088 0.508 0.911 0.650 4.761 0.475
x03 Inner tension 0.161 0.097 0.403 0.071 0.644 0.513 1.737 0.228
x04 Reduced sleep 0.079 0.378 0.096 0.448 1.259 0.200
x05 Reduced appetite 0.091 0.328 0.127 0.415 1.148 0.169
x06 Concentration Difficulties 0.321 0.142 0.791 0.239 0.697 0.554 1.971 0.287
x07 Lassitude 0.437 0.170 1.055 0.305 0.784 0.605 2.588 0.373
x08 Inability to feel 0.481 0.181 1.205 0.284 0.817 0.608 2.923 0.373
x09 Pessimistic thoughts 0.275 0.143 0.596 0.702 0.556 2.008
x10 Suicidal thoughts 0.088 0.213 0.447 1.284
Total scale 0.135 0.549
McDonald’s Omega 0.578 0.510 0.511 0.919 0.913 0.903
Lower ci 0.557 0.487 0.494 0.915 0.908 0.900
Upper ci 0.600 0.534 0.528 0.923 0.917 0.906
Placebo outcome Treatment outcome
CFA IRT NA CFA IRT NA
T H a nl T H a nl
x01 Apparent sadness 0.890 0.644 1.566 0.425 0.899 0.632 4.511 0.447
x02 Reported sadness 0.916 0.657 2.088 0.487 0.907 0.645 4.624 0.467
x03 Inner tension 0.663 0.514 0.403 0.232 0.630 0.511 1.673 0.224
x04 Reduced sleep 0.477 0.378 0.212 0.434 1.258 0.196
(Continued)
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Table 2. (Continued)

Placebo outcome Treatment outcome
CFA IRT NA CFA IRT NA
T H a nl T H a nl
x05 Reduced appetite 0.390 0.328 0.161 0.427 1.193 0.177
x06 Concentration difficulties 0.693 0.537 0.791 0.283 0.695 0.546 1.962 0.290
x07 Lassitude 0.771 0.611 1.055 0.366 0.790 0.599 2.672 0.377
x08 Inability to feel 0.812 0.615 1.205 0.377 0.816 0.603 2.922 0.369
x09 Pessimistic thoughts 0.692 0.544 0.596 0.703 0.559 2.024
x10 Suicidal thoughts 0.458 0.213 0.437 1.335
Total scale 0.552 0.546
McDonald’s omega 0.918 0.910 0.903 0.918 0.913 0.902
Lower ci 0.911 0.902 0.897 0.913 0.907 0.897
Upper ci 0.925 0.918 0.909 0.923 0.918 0.906

A, factor loading from CFA; a, discrimination parameter from GRM; H, Loevinger’s coefficient of homogeneity from Mokken; nl, net loading (strength centrality) from NA.

Table 3. Effect size outcomes for multilevel linear modeling of total, abbreviated, and weighted depression scores

Mean diff. 95% ci t p Cohen’s d %
Crude MADRS total 2.240 (1.513, 2.967) 6.048 0.000 0.072
CFA abbreviated (7 items) 1.850 (1315, 2.385) 6.775 0.000 0.081 12.5
IRT abbreviated - - - - - -
NA abbreviated (8 items) 1.849 (1.236, 2.462) 5.892 0.000 0.070 —2.8
CFA factor scores 1.713 (1.213,2.213) 6.715 0.000 0.080 11.0
IRT expected scores 2.084 (1.410, 2.758) 6.045 0.000 0.072 0.0
NA net scores 0.258 (0.174, 0.342) 6.599 0.000 0.071 —-13
Adjusted MADRS total 2.249 (1.522, 2.976) 6.059 0.000 0.072
CFA abbreviated (7 items) 1.854 (1.319, 2.469) 6.778 0.000 0.081 12.5
IRT abbreviated - = = - - -
NA abbreviated (8 items) 1.854 (1.239, 2.469) 5.901 0.000 0.070 —2.8
CFA factor scores 1.717 (1.217,2.217) 6.733 0.000 0.080 11.0
IRT expected scores 2.094 (1.402, 2.786) 6.480 0.000 0.072 0.0
NA net scores 0.259 (0.175, 0.343) 6.599 0.000 0.071 -1.3

Weighted scores are derived from respective abbreviated models.

%, Percentage change in d from HRSD-17 total; 95% ci, confidence interval for mean difference; d, Cohen’s d; Mean diff., Mean difference in treatment outcomes; p, Significance for mean diff.

FA-informed abbreviated model (seven items) resulted in a 12.5%
increase in effect size (d = 0.081) and the NA-informed abbreviated
model (eight items) saw a 2.8% decrease in effect (d = 0.071). IRT
retained all 10 items. Weighted scores derived from each model
informed similar outcomes: CFA factor scores +11%, NA net scores
—1.4% and IRT expected scores yielded no change. Effect size
outcomes for multilevel models that adjusted for age and sex
reflected the results for crude models (Table 3).

Discussion
Findings

These findings demonstrate the value of applying FA approaches to
Patient-reported outcome measures (PROMs) in randomized
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trials, but little was gained from other approaches. In this large
sample of individual participant data from multiple trials, we
demonstrated an 11%-12.5% increase in antidepressant effects
when applying FA approaches to measurement. IRT saw no change
in effects and applying NA and net scores reduced effect sizes by
1.3%—2.8%. However, there was no additional change using model-
derived weighted scores over simply abbreviated total scores. All
results remained stable when adjusting for age and sex.

However, an alternative and important consideration is whether
the FA model may in fact exaggerate the true effect sizes, and thus
potentially reduce external validity. Currently, the findings largely
support the results of Byrne et al. (2025), with similar magnitudes
and directions of effect size change noted when a similar approach
investigated changes in effects in the HRSD-17. The present work
was conducted using the MADRS, which has been found to
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outperform the previously used HRSD-17 under psychometric
analysis (Carmody et al., 2006; Carneiro et al., 2015). Our findings
show the importance of FA for identifying optimal items on which
placebo and active treatment outcome scores differ, with subse-
quent abbreviated models yielding larger effect sizes. Our findings
also support those of Byrne et al. (2025) in suggesting that psycho-
metric methods differentially affect antidepressant trial effect size
outcomes, with both IRT and NA informing negligible effect size
changes. However, with regard to NA outcomes, our findings differ,
in that Byrne et al. saw a decrease in effect.

Contrary to the poor psychometric performance of the HRSD-
17 noted by Byrne, Doyle, et al. (2024), abbreviated models of the
MADRS were found that reflected the latent depression trait and
performed well with outcome groups. Similar issues with baseline
fit were observed; however, the MADRS still significantly outper-
formed the HRSD-17 in this regard. Each method indicated differ-
ent unidimensional models. FA found a 7-item model, removing
‘Reduced Sleep’, ‘Reduced Appetite’ and ‘Suicidal Thoughts,” and
NA retained eight items, with ‘Pessimistic Thoughts’ and ‘Suicidal
Thoughts’ being removed. IRT retained all 10 items. Reliability
analyses reflected psychometric performance, with outcome
models showing very good reliability and baseline being
suboptimal.

Implications of findings

FA techniques were found to be most influential in moderating
effects by removing psychometrically underperforming items and
thusly increasing effect size. FA differed from the other methods
used by uniquely removing ‘Reduced Sleep’ and ‘Reduced Appetite.”
As IRT and NA resulted in negligible differences from original trial
outcomes, it can be suggested that the removal of these items was
influential in the subsequently increased effects. Although ‘Suicidal
Thoughts’ was also removed by FA, this item being retained by IRT
and removed by NA, with each of these methods bearing a negli-
gible impact on effect size analyses, indicated that the presence or
absence of a suicide ideation items has little impact on trial out-
comes. This is possibly due to this often being an exclusion criterion
for such studies. Indeed, 10 of the 15 included studies observed risk
of suicide as an exclusion criterion (Studies numbered 1, 9,
10, 11 and 14 in Supplementary Table 1 did not include suicide
ideation in exclusion criteria). Furthermore, weighted score out-
comes reflecting abbreviated score outcomes suggests that the effect
size differences seen after FA are mainly the result of eliminating
poorly performing items. Although Gorter, Fox, Apeldoorn, and
Twisk (2016) argue the importance of the large mean differences
found when using weighted scores, our findings support Byrne et al.
(2025) in demonstrating that any notable effect size difference is
predicated on the items analyzed (and those removed) and not the
weighted scores derived therein. In this regard, FA methods were
optimally able to identify items on which placebo and active
treatment groups differ, allowing for the removal of nonperforming
items, thus informing a measurable percentage increase in effect
size compared to original outcomes. As such, these findings suggest
that sum score statistics — albeit, those derived from optimal,
potentially abbreviated, scales — are sufficient for effect size ana-
lyses. This brings into question the utility of deriving and analyzing
model-weighted scores. Indeed, this practice has inherent compli-
cations, such as factor score indeterminacy (Ferrando & Lorenzo-
Seva, 2018), and has been the topic of a long-running debate as to its
relative value (Beauducel, Hilger, & Kuhl, 2023; Glass & Maguire,
1966; Rozeboom, 1988; Steiger, 1996).
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The psychometric and effect size analyses suggest that removal
of ‘Reduced Sleep’ and Reduced Appetite’ caused the FA-informed
increase in effect size. The removal of sleep and appetite regulation
items was also previously found (Byrne et al,, 2025) and may
indicate that such items do not discriminate well between placebo
and active treatment outcomes. This finding is interesting, as sleep
disturbance in particular has been found to be a frequent and salient
residual symptom after otherwise successful treatment of major
depression (Carney, Freedland, Steinmeyer, & Rich, 2023). How-
ever, previous psychometric analyses of the MADRS have raised
questions about the performance of these items. For example, a
previous study that conducted a factor analysis of the MADRS
found that, while both items were retained, Reduced Sleep
(r = 0.57) and Reduced Appetite (r = 0.59) had the lowest single-
item correlations with MADRS total scores (Seemidiller et al., 2023).
Similarly, network analysis of a community-based sample con-
ducted by An et al. (2019) found that these two items presented
with the lowest centrality indices of all 10 items. Considering that
these items were removed during FA, informing increased effects,
and their performance was relatively poor when retained in IRT
and NA models, not to mention the previous literature, it stands to
reason that although appetite and sleep disturbance may be notable
residual symptoms, they are not necessarily an important aspect of
patient depression profiles in terms of assessing treatment efficacy.
Perhaps unsurprisingly, the NA outcomes observed here reflect
previous studies in suggesting that treatment of depressive dis-
orders may be most efficacious when targeting sadness/low mood
symptoms (Bringmann, Lemmens, Huibers, Borsboom, & Tuer-
linckx, 2015; Maciaszek, Pawlowski, Hadrys, & Misiak, 2023; Park
etal., 2021).

It is also noteworthy that ‘Suicidal Thoughts’ was removed from
the FA and NA models, and was one of the least discriminatory
items in IRT. This conflicts with previous research that found
suicide ideation to be an important symptom in depression profiles
(Anetal., 2019), as well as an evidence-based narrative that suicide
ideation should always be monitored in RCTSs of psychotropic
substances (Melvin, Gordon, & Freake, 2012; Schatten et al.,
2020). As previously argued (Byrne, Ghoshal, et al., 2024b), parti-
cipants at risk of suicide are typically excluded from antidepressant
treatment RCTs. This likely informed the discrepancy between
models found here and in Byrne et al. (2025) using RCT samples,
and those found by An et al. (2019) using a community-based
sample. As such, the FA- and NA-revised MADRS models may
only be appropriate for use in RCT's or other types of studies that
control for suicide ideation.

This study reflected Byrne et al. (2025) in finding percentage
differences between original and psychometrically informed effect
size outcomes within the intervals of 10%—15%, and so this could
tentatively be proposed as an expected moderating range. Ultim-
ately, it is difficult to determine the implications of the magnitude of
this difference. However, such changes could be clinically signifi-
cant, particularly at larger effect sizes. Research has indicated that
the maximum achievable effect when active treatment group
patients achieve a 50% symptom reduction over placebo is
d = 1.08 (Hieronymus et al., 2021). Amending this according to
the FA findings, which saw a 12.5% increase in effect, Hieronymus
et al’s maximum symptom reduction-informed effect would be
increased to d = 1.22. This highlights the potential extrapolation of
the percentage change in effect and, as previously suggested (Byrne
et al., 2025), could influence treatment efficacy expectations and
prescription confidence, as well as trial sample size requirements.
However, it should be noted that, while applying FA models in the
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future could yield small increased effect sizes which may be import-
ant at a population level (rather than individual-level detection of
functional benefit), a caveat is that such an abbreviated measure will
only capture responses to items measured, thereby masking any
potential benefits on symptoms not assessed.

Limitations and future research

A notable limitation of this study was the suboptimal psychometric
performance of the MADRS at baseline. The issues encountered
modeling baseline data may have reduced the amount of measure-
ment error that could have been controlled and obscured or other-
wise limited the potential effect size change that could have been
observed (Fumio, 2000). In addition, the effect sizes observed
during outcome analyses were much smaller than would typically
be expected from antidepressant treatment trials (Cipriani et al.,
2017). This makes it more difficult to interpret the implications of
the effect size analyses. These issues could be addressed in future
research using alternative data, with larger effect sizes. There was
also a moderately uneven sex distribution in participants. Consid-
ering the increased tendency for women to exhibit depressive
symptoms, and to an increased severity (Kokras & Dalla, 2017),
findings may be more representative of female populations than
male. As NA outcomes presented here conflict with previous
findings, future research could also further explore the utility of
NA methods in clinical trials. A further limitation is the removal of
items that are clinically important, such as disturbed sleep and
appetite, which significantly impact on patients and care. There-
fore, future trials require better performing items across the full
range of depressive symptoms to truly determine the impact of
antidepressants and other treatments on each symptom. Addition-
ally, with such small effects, it is probably not possible to determine
the benefit of such changes at an individual level. These may,
however, be important at a population level, which should be
explored in future research. Finally, research should be conducted
to further assess the external validity of FA findings and to ensure
that these are not in fact simply inflating true effect sizes. In this
regard, additional research should systematically assess a broad
range of depression outcome measures to determine if outcomes
from this study and Byrne, Doyle, et al. (2024) can be replicated.

Conclusion

We demonstrated that that applying FA approaches increased
effect sizes in antidepressant trials that used the MADRS, but
applying IRT and NA approaches did not. FA methods were most
effective in identifying MADRS items where placebo and treatment
group outcomes differed, leading to increased effect sizes when
compared to original trial outcomes. Weighted scores from FA,
IRT, and NA models should not replace traditional total scores
from the MADRS, or possibly other scales (Byrne, Doyle et al.,
2024). Using simple total scores from abbreviated scales, once
nonperforming items are removed, may be a practical alternative
for improving sensitivity to group differences. However, other
depression scales with stronger psychometric properties may be
more clinically relevant and preferable for routine use.
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