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ABSTRACT

Decisions about when to change antidepressant treatment are complex and benefit from accurate prediction of treatment outcome.
Prognostic accuracy can be enhanced by incorporating repeated assessments of symptom severity collected during treatment.
Participants (n=714) from the Genome-Based Therapeutic Drugs for Depression study received escitalopram or nortriptyline
over 12weeks. Remission was defined as scoring <7 on the Hamilton Rating Scale. Predictors included demographic, clinical,
and genetic variables (at 0weeks) and measures of symptom severity (at 0, 2, 4, and 6 weeks). Longitudinal descriptors extracted
with growth curves and topological data analysis were used to inform prediction of remission. Repeated assessments produced
gradual and drug-specific improvements in predictive performance. By Week 4, models' discrimination in all samples reached
levels that might usefully inform treatment decisions (area under the receiver operating curve (AUC)=0.777 for nortriptyline;
AUC =0.807 for escitalopram; AUC =0.794 for combined sample). Decisions around switching or modifying treatments for de-
pression can be informed by repeated symptom assessments collected during treatment, but not until 4 weeks after the start of
treatment.

This paper is dedicated to the memory of Professor Peter McGuffin.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is
properly cited.
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1 | Introduction

Past studies have highlighted the need to consider individ-
ual trajectories of antidepressant treatment response (Uher
etal. 2011) by incorporating repeated assessments of symptom
severity collected (e.g., weekly) during treatment. Whereas
some patients may experience early improvements within 2
or 3weeks, others may not see a benefit until later. This raises
important questions about modifying or switching treatments.
Since delayed treatment response is common, there can be
uncertainty around how long to wait before considering al-
ternative treatments. When predicting treatment response, a
balance is needed between earlier but potentially inaccurate
predictions versus delayed predictions with increased accu-
racy. The former risks miss-classifying patients with delayed
improvements and curtailing treatment that could have led to
remission; the latter risks patients staying on ineffective treat-
ment longer than necessary.

Previous investigations into the timing of antidepressant
treatment response have been inconsistent. Some suggest
that differences between control and treatment arms can be
identified within 1week of treatment (Browning et al. 2019).
A review of 10 placebo-controlled trials found improvements
within 2weeks (>20% reduction in symptom severity) to be
predictive of treatment response, but these improvements did
not reliably predict eventual remission (Kemp et al. 2011).
Other studies suggest waiting 3 weeks to identify a therapeu-
tic response (Szegedi et al. 2009), that patients not improving
within 4weeks should have their treatment altered (Quitkin
et al. 1996), or that accurate outcome prediction is only pos-
sible after 8 weeks (Uher et al. 2011). Several clinical guide-
lines support altering antidepressant treatment at 4 weeks
(Gelenberg et al. 2010; NICE 2022).

In addition to questions about the timing of treatment response
and modification, incorporating weekly assessments raises
methodological challenges (Bull et al. 2020).

Several approaches have been used to incorporate repeated
measures when predicting antidepressant response, each
with varying strengths and limitations. Uher et al. (2011)
used growth mixture models to show individual differences
in trajectories of symptom response in the GENDEP study
(Genome-Based Therapeutic Drugs for Depression), a par-
tially randomized multicentre pharmacogenetic study that
compared two antidepressants for patients with moderate-to-
severe unipolar depression (Uher et al. 2009, 2010). Athreya
et al. (2021) used probabilistic graph models and unsupervised
machine learning (ML) to predict remission and treatment re-
sponse by 8 weeks. Several studies have shown ML techniques
to outperform regression-based methods for predictors mea-
sured at baseline (Hilbert et al. 2020; Iniesta et al. 2016, 2018;
Kessler et al. 2016; Koutsouleris et al. 2016; Pearson et al. 2019;
Webb et al. 2020); several have used ML techniques to pre-
dict response trajectories (Chekroud et al. 2021). Some have
combined unsupervised and supervised ML first to identify
potential subtypes of responders (based on baseline symptoms
and/or symptoms trajectories) and then develop classifiers to
predict specific response trajectory and/or total severity out-
comes (Bondar et al. 2020; Chekroud et al. 2017, 2021; Dinga

et al. 2019; Drysdale et al. 2017; Gueorguieva, Chekroud, and
Krystal 2017; Paul et al. 2019).

We have previously reported that the combination of baseline
demographic, clinical, and genetic variables can help select
between escitalopram and nortriptyline treatments (Iniesta
et al. 2018). Recent research has suggested that a Polygenic Risk
Score (PRS) could allow MDD patients to be stratified for anti-
depressant response by showing that a greater genetic loading
for MDD is associated with a less favorable response (Ward
et al. 2018).

In the present study, we evaluate the extent to which the com-
bination of baseline demographic and clinical variables, a PRS
for MDD, and repeated measures of depression severity can
predict depression remission with specific treatments at the in-
dividual level. In particular, we aim to (1) use ML to optimize
the prediction of depression remission in GENDEP by incorpo-
rating repeated measures of depression severity into a multi-
variable prediction model of demographic, clinical and genetic
variables and (2) evaluate how discrimination of remission im-
proves by adding severity measurements collected at successive
weeks during treatment. For this aim, we extracted longitudi-
nal features using remission curve modeling and topological
data analysis, a recently developed method for handling large
longitudinal data (Chazal and Michel 2017; Iniesta et al. 2022;
Riihiméki et al. 2020). To the best of our knowledge, no other
studies have compared multiple methods to handle repeated
measurements when predicting depression remission.

2 | Methods
2.1 | Editorial Policies and Ethical Considerations

The GENDEP study was approved by the ethics boards of par-
ticipating centres. All participants provided written informed
consent.

2.2 | Data

GENDEP included 868 European adult patients with major
depressive disorder, recruited in nine European clinical cen-
tres between 2004 and 2008. Eligibility and study procedures
are described elsewhere (Uher et al. 2009, 2010). Participants
received nortriptyline (a norepinephrine reuptake inhibitor)
or escitalopram (a serotonin reuptake inhibitor) for 12weeks.
Patients were randomly allocated to receive nortriptyline or
escitalopram unless they had a contraindication for one of the
drugs, in which case they were allocated to the other antidepres-
sant. We restricted our analysis to participants who provided
information on at least four occasions as this is a minimum
needed to establish an initial trend in clinical response, includ-
ing the baseline assessment and the two-week follow-up as the
minimum requirement based on maximizing completeness of
data (see Figure S1). We considered three analytical samples:
(A) Participants randomly allocated to receive nortriptyline
(n=196); (B) Participants randomly allocated to receive escitalo-
pram (n=214); (C) participants receiving either drug including
both random and non-random allocations (n=714).
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2.3 | Measures

Our outcome was depression remission, defined as a score
of<7 on the Hamilton Rating Scale for Depression (HRSD-17;
Hamilton 1967) at the latest available assessment after 4-12weeks
of treatment. As per existing evidence in the literature, to mean-
ingfully predict who will respond to which antidepressant, it may
be necessary to combine biological and clinical variables. We con-
sidered predictors measured at baseline and weekly during treat-
ment. Baseline predictors included 140 demographic and clinical
variables and a PRS for MDD computed from GENDEP SNPs data
(see Table S1 for a complete list of predictor variables). We created
a PRS for MDD for 714 GENDEP participants of European ances-
try included in this study, with 6,737,401 autosomes-only vari-
ants. The PRS was calculated from the last available Psychiatric
Genomics Consortium (PGC) MDD summary statistics in
European ancestry. Further details on genetic data and the PRS
derivation are described in Supporting Information. For models
developed in the ‘combined’ sample, we included a dummy vari-
able indicating the treatment drug (0=nortriptyline; 1 =escitalo-
pram). Longitudinal predictors included individual items and
total scores for the HRSD-17, the Beck Depression Inventory (BDI;
Beck, Steer, and Carbin 1988), the Montgomery-Asberg Depression
Rating Scale (MADRS; Montgomery and Asberg 1979) and total
scores for three factors (observed mood, cognitive symptoms,
neurovegetative symptoms) and six dimensions (mood, anxiety,
pessimism, interest-activity, sleep, and appetite) from a published
factor analysis (Uher et al. 2008, 2012).

2.4 | Derivation of Longitudinal Features

We considered two approaches to incorporating predic-
tors measured repeatedly during treatment in a prediction
model. First, we derived (GC) growth curve parameters by
separately modeling each longitudinal feature using a linear
mixed model that included linear and quadratic terms for
time (weeks since baseline) with participant-specific random
intercepts and slopes. We extracted the best linear unbiased
predictions of the three random effects (intercept and linear
and quadratic terms for time) and included these as predictors
in subsequent models. Second, a simpler approach (LW) con-
sisted of entering the latest weekly (LW) measurement into
the considered prediction model as a predictor (e.g., the “Week
4” model included the baseline predictors and Week 4 longitu-
dinal measurements only).

We supplemented both approaches (GC and LW) using topologi-
cal data analysis (TDA). TDA is a set of mathematical tools to ex-
tract topological and geometric information from data to provide
new features and descriptors of the data. They can be combined
with other features for further analysis and machine-learning
tasks (Chazal and Michel 2017; Iniesta et al. 2022). For each par-
ticipant, we summarized the topological shape characteristics of
their longitudinal features using the persistence diagram. The
information encoded in the persistence diagram was vectorised
using persistence landscapes (Bubenik 2018; see Figure S2) to
generate features for subsequent models. To assess the incre-
mental benefit of increasing weeks of feature information for
each approach, we estimated models with baseline features and
repeated measures up to 2, 4, and 6 weeks after baseline.

2.5 | Prediction of Remission Outcome by
12 Weeks

We used binary logistic regression with elastic net regular-
ization to predict HRSD remission by 12weeks. Regularized
regression models are general linear models with penalties to
avoid extreme parameters that could cause overfitting. The
elastic net is an application of regularized regression that pro-
vides efficient feature selection from a large set of variables.
Elastic net allows estimation of the combined predictive ability
of a high number of variables and maximises model transpar-
ency, which is key for the explainable and ethical development
of AI applications in medicine (https://github.com/ewancarr/
tda_prediction) while reducing overfitting. All models included
baseline features and one of four sets of longitudinal features
defined above: (i) GC, (ii) GC supplemented with landscape fea-
tures, (iii) LW, and (iv) LW supplemented with landscape fea-
tures. Each model was estimated with and without Polygenic
Risk Scores.

Predictive performance for each feature set was evaluated
using repeated, nested k-fold cross-validation (10-fold repeated
20 times). All modeling steps were repeated within each fold
to avoid data leakage, including pre-processing (e.g., standard-
ization, removal of features with zero variance), hyperparam-
eter tuning (e.g., alpha), feature selection, derivation of growth
curve parameters, and missing value imputation. Missing val-
ues were imputed using k-nearest neighbors (k=5) using the
KNNImputer class from scikit-learn (Troyanskaya et al. 2001).
Predictive performance was described using the area under the
receiver operating curve (AUC) as a value of discrimination. We
interpreted the AUC values under the benchmark proposed by
Hosmer and Lemeshow (2000, 156-164). Based on this bench-
mark, a model with an AUC higher or equal to 0.7 and lower
than 0.8 is considered to have an “acceptable discrimination,”
with an AUC higher or equal to 0.8 and lower than 0.9 has “ex-
cellent discrimination” and with an AUC equal or higher to 0.9
is considered to have an “outstanding discrimination.” We also
reported sensitivity, specificity, and negative predictive value
(NPV). To balance sensitivity and specificity, we chose classi-
fication thresholds of 40% for the escitalopram and combined
samples and 30% for nortriptyline. Cross-validation metrics
were summarized by averaging each repetition (i.e., the mean
over 10 folds) and reporting the median of the resulting values.
Uncertainty intervals were computed based on the outer loop of
the repeated, nested cross-validation. We reported NPV because
we were more concerned with false positives than negatives
when making decisions around treatment adaptations. A false
positive would indicate that a patient's treatment was left un-
changed, and the patient failed to achieve remission; a false neg-
ative would indicate that treatment was changed unnecessarily
(i.e., the patient would have achieved remission on their original
treatment). Since all changes to treatment would be reviewed
and decided by a clinician, we considered the risk of not chang-
ing treatment to be greater than that of potentially unnecessary
changes.

All analyses were conducted in Python 3.9.2 (Van Rossum
and Drake 2009). Growth curve models were estimated using
StatsModels (Seabold and Perktold 2010); topological summa-
ries were computed using GUDHI (The GUDHI Project 2020);
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elastic net logistic regression models were estimated using the
LogitNet function from the glmnet for Python package (Python
GLMNET 2021) and Scikit-Learn (Pedregosa et al. 2011). All
analytical code used in our analyses is available at https://
github.com/ewancarr/tda_prediction.

3 | Results

From 868 participants in GENDEP, we excluded 75 partici-
pants with <4 assessments and 79 participants missing in-
formation at baseline or Week 2. The analytical samples
comprised n=196 (nortriptyline, randomized), n=214 (es-
citalopram, randomized), and n =714 (combined sample with
both drugs, partially randomized) participants. Compared
to the combined sample, excluded participants were simi-
lar in terms of age, years of education and BMI but reported
lower symptom severity based on the HDRS (19.9 vs. 22.1;
p-value =0.002) and MADRS (26.9 vs. 29.0; p-value =0.018).
Table S2 summarizes the demographic and clinical charac-
teristics of the three samples. Participants had a mean age of
42.8years and were majority female gender (62%). In the com-
bined sample of 714 participants, 285 (40%) achieved remis-
sion by the last observation.

3.1 | Prediction of Remission Incorporating
Repeated Measures

Figure 1 and Table S3 present model performance for in-
creasing weeks of repeated measures (0, 2, 4 or 6). For each
sample and week, we present results for the best-performing
methodological approach (i.e., GC, LW or these methods
supplemented with persistence landscape variables). For the
combined sample (n=714), we observed a gradual increase in
predictive performance for each additional fortnight, from an
AUC of 0.703 (baseline) to 0.754 (Week 2), 0.794 (Week 4), and
0.844 (Week 6). NPV, sensitivity, and specificity show simi-
lar incremental improvements over time. At Week 4, the AUC
was approaching 0.80 in both treatment arms (“Acceptable
discrimination” (2000, 156-164)) and above 0.80 at Week 6
(“Excellent discrimination”).

We saw differing results for the drug-specific samples. For nor-
triptyline (n=196), initial performance was lower, but the im-
provement by Week 2 was much larger (from AUC of 0.618 to
0.763 for nortriptyline). In the combined sample, the increase in
AUC from baseline by Week 2 was more moderate (0.703-0.754).
Conversely, the model for escitalopram (n=214) had higher ini-
tial performance, compared to other samples, but saw no im-
provement by Week 2 (e.g., from AUC at baseline of 0.718 to
0.717 at Week 2). From Weeks 2 to 4, increases in model perfor-
mance were similar for all three samples. Table S3 summarizes
the predictive performance with vs. without the baseline PRS for
MDD. Improvement in performance due to the addition of the
PRS was nearly negligible for all samples and weeks. The over-
lap observed across uncertainty intervals, as shown in Figure 1,
suggested similar trends in models' performance across differ-
ent treatment allocations.

3.2 | Predictive Performance of Each Modeling
Approach

Table S4 summarizes the predictive performance of each method
(LW, GC, and each supplemented with TDA variables). At most
time points, entering the LW measure directly into the model
(LW) tended to outperform the corresponding growth curve.
Performance for growth curves was notably lower at Week 2
(e.g., AUC in the combined sample of 0.698 for GC vs. 0.754 for
LW), which is expected given the limited number of time points
available to construct the curve. Supplementing the LW with
landscape parameters (TDA) produced small performance in-
creases, and only for Weeks 4-6. For example, for the combined
sample at Week 6, supplementing the LW model increased AUC
from 0.824 (0.817, 0.835) to 0.844 (0.839, 0.853), with uncertainty
intervals not overlapping, this suggesting a statistically signif-
icant improvement in models' performance because of adding
TDA information.

4 | Discussion

In a large study of antidepressant treatment, we showed how re-
peated symptom measurements collected during treatment can
improve prediction of remission by 12weeks. Supplementing
baseline measures with repeated assessments produced an in-
cremental benefit for each additional fortnight. We reported im-
portant novel information: (1) a combination of the mentioned
predictor variables was predictive of antidepressant treatment
outcome, suggesting a potential for personalized antidepressant
treatment, and particularly, (2) that models were able to pre-
dict remission by week four with adequate discrimination. Our
results varied by treatment drug. Models for nortriptyline had
worse initial performance but saw larger increases over the first
2weeks; models for escitalopram had better initial performance
but saw no improvement by Week 2. This suggests drug-specific
differences in the minimum follow-up period required for a
clinically meaningful prediction of antidepressant treatment
response.

Our team had previously investigated if antidepressant
treatment outcomes definition could be improved by using
symptoms trajectories and established different classes of
responders, the rapid improvement trajectory and the grad-
ual improvement trajectory (Uher et al. 2010). The current
work aimed to answer whether a combination of clinical,
demographic, genetic, baseline, and longitudinal symptoms
measurements can significantly predict remission at the in-
dividual level, if the addition of weekly measurements is rele-
vant for the prediction and investigating how many weeks of
symptoms measurements is optimal to consider for a clinically
significant prediction of depression remission. Given the na-
ture of the present work was predictive and not an association
study, we selected the machine learning methodology as the
basis of our predictive models.

Our analysis was motivated by the need for accurate prediction
of treatment outcome to inform decisions about the timing of
treatment adaptations. While adding post-baseline information
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BL = Baseline only.

LW = Latest weekly measures only*.

GC = Growth curves only*.

+LS = Supplemented with topological landscape variables
+PRS = Supplemented with polygenic risk score

*All models included baseline features.

0 weeks 2 weeks 4 weeks 6 weeks

Escitalopram  AUC 0.718 0.717 0.777 0.818
NPV 0.673 0.668 0.737 0.757
Sensitivity 0.700 0.689 0.744 0.811
Specificity 0.608 0.625 0.668 0.675
Nortriptyline ~ AUC 0.618 0.763 0.807 0.834
NPV 0.706 0.777 0.777 0.809
Sensitivity 0.630 0.720 0.762 0.747
Specificity 0.552 0.711 0.724 0.756
Combined AUC 0.703 0.754 0.794 0.844
NPV 0.683 0.711 0.733 0.792
Sensitivity 0.649 0.695 0.721 0.791
Specificity 0.653 0.699 0.718 0.739

Notes. The classification threshold was set at 40% for the Escitalopram and
‘Combined’ samples and 30% for Nortriptyline.

FIGURE1 | Area under the receiver operating curve (AUC), negative predictive value (NPV), sensitivity and specificity of the best-performing
model for increasing weeks of data (0, 2, 4, 6) stratified by sample (nortriptyline, escitalopram, combined) with uncertainty intervals based on the
outer loop of the repeated, nested cross-validation.
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improved discrimination of depressive remission, resulting in a
20% increase in AUC for the combined sample, it was only by
the fourth or sixth week that accuracy reached a point where
they could offer meaningful insights for treatment decisions.
Improvements over the first 2weeks were generally not infor-
mative. Larger improvements by week two were observed for
nortriptyline, although from a low starting point. A key concern
during depression therapy is deciding if and when treatment
adaptations are needed. Patients responding poorly to one an-
tidepressant may need to switch to an alternative. Repeated as-
sessments collected during treatment have previously been used
to highlight differing response trajectories (Skelton et al. 2022),
but the question of how long to wait before considering alter-
native treatments remains unanswered. A balance is needed
between earlier but less accurate predictions versus later pre-
dictions that can be enhanced by longitudinal assessments.
Overall, we saw a gradual improvement in predictive perfor-
mance over successive weeks; there was no single point where
accuracy markedly increased.

Past studies are inconclusive on the timing of therapeutic
response. We found that assessments from the first 2weeks
of treatment were insufficient to predict eventual response
reliably. This is consistent with earlier analyses of GENDEP
(Uher et al. 2011), where patients showing no improvement
within 2weeks still had a 40%-50% chance of treatment re-
sponse by 12weeks. Others have concluded that eventual
outcome can only be accurately predicted after 8 weeks of
treatment. Our findings are partially consistent with Kemp
et al. (2011), who found that while initial improvements pre-
dicted later response, there was a high rate of false positives,
such that many patients showing initial improvements did not
subsequently respond to treatment. By contrast, a large meta-
analysis (Szegedi et al. 2009) found improvements within the
first 2weeks of treatment could predict treatment outcome
with high sensitivity (>80%). However, the meta-analysis in-
cluded studies that had a large dropout rate and performed
last observation carried forward (LOCF), which can inflate
prediction accuracy.

We found poorer initial performance from models for nortrip-
tyline compared to models for escitalopram. This finding aligns
with our previous GENDEP analyses (Iniesta et al. 2016), which,
using baseline information only, reported poorer discrimination
of remission for nortriptyline versus escitalopram. One possibil-
ity is that individuals receiving nortriptyline were more likely to
experience adverse effects and end treatment early. It is possible
that those continuing beyond 2weeks represent a pharmacog-
enetically distinct subset for whom subsequent model predic-
tion is then stronger. Few studies have considered drug-specific
predictive accuracy of treatment response using repeated as-
sessments. Athreya et al. (2021) considered the prediction of
treatment response for patients receiving a range of antidepres-
sants, including citalopram and escitalopram. For an outcome of
remission measured at 8 weeks, they found comparable predic-
tive performance between different drugs (e.g., accuracy of 77%
and 72% in training and test cohorts, respectively).

We compared several approaches to incorporating repeated
measures into our models. In most samples, the simplest ap-
proach of including the LW measures tended to outperform

other approaches. This is notable, given the significant meth-
odological differences, and suggests that improvements in
accuracy are driven by the new information gained at succes-
sive weeks rather than contrasting algorithms. Interestingly,
the inclusion of topological features did improve performance
at Week 6 for the nortriptyline sample and Weeks 4 and 6 for
the combined sample. Uncertainty intervals did not overlap for
Week 6 in the combined sample, this suggesting a statistically
significant potential for TDA to enhance the prediction of de-
pression remission when using repeated assessments. The per-
formance of growth curves at 2weeks was particularly poor. The
inclusion of topological parameters at 2weeks similarly had no
benefit on performance. These results are likely to reflect the
sparseness of our data. More sophisticated techniques, such as
growth curve modeling and especially topological data analy-
sis, benefit from larger, high-dimensional datasets. Deriving
topological parameters for each individual from a sparse grid
is particularly challenging. These techniques performed better
at Week 6 when more longitudinal information was available.
This finding raises a broader point about competing methods’
data requirements and suitability. Topological data analysis is
better suited to large, multivariate, and multidimensional data;
growth curves require repeated assessments, ideally more than
three, but can be univariate. Including the latest measure (LW)
is simplest regarding data requirements and analysis but omits
potentially important information about the trajectory and in-
tercorrelations of repeated assessments. Further interpretations
in terms of confidence or statistical significance of estimations
based on the computed intervals should be made cautiously
given that the hold-out data in the nested-cross validation are
not independent of the test data and can cause some dependency,
a fact that has been shown to potentially bias the intervals cover-
age (Bates, Hastie, and Tibshirani 2023).

4.1 | Strengths and Limitations

Our study is among the first to contrast different approaches
to incorporating repeated measurements into a multivariable
prediction model for depression remission. We benefited from a
large combined sample and were able to consider drug-specific
predictive performance. We considered wide-ranging baseline
and longitudinal predictors, including item-level data and total
scores. We conducted a robust internal validation using re-
peated, nested cross-validation where all modeling steps were
repeated within each fold to avoid data leakage.

However, several limitations must be acknowledged. First, our
drug-specific samples were small, and, as a secondary analysis
of the GENDEP cohort, no a priori sample size calculation was
conducted. Second, while we undertook robust internal valida-
tion, our findings were not externally validated. Third, several
steps in our pipeline were computationally demanding, in par-
ticular, the derivation of landscape parameters for each indi-
vidual and the generation of growth curve parameters at every
cross-validation fold. Simpler methods, such as directly entering
the latest measure into the model, would be more computation-
ally feasible in practice. Fourth, to minimize the computational
burden of our models, we only used fortnightly measurements
(at 0, 2, 4, and 6 weeks), whereas it has been shown that symp-
toms can change weekly (Rapaport and Maddux 2002). Fifth,
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we did not consider dropout information as we were aiming to
produce models that could prospectively predict remission and
inform a personalized treatment approach. Hence, we could not
use the time in the study as a predictor in our models, as this
measurement would not be available for new starting treatment
patients. In previous research in GENDEP (Uher et al. 2010)
dropouts were only found to be related with reduced drug ef-
fects in the analyses with remission in the combined sample
(patients treated with either nortriptyline or escitalopram). To
lower this effect, we stratified our analysis by drug, and con-
sidered the prediction of remission separately within the two
drug groups. Finally, our models considered symptom level in-
formation, as they included the individual items and total scores
for the different symptoms considered as predictors. We were
aware that symptom-level assessments of our models might pro-
vide specific and valuable insights into the predictive ability of
the models for particular groups of patients. However, we did
not consider including such analysis, as stratifying our sample
by symptoms would reduce even further the available sample
size, which was already rather small, and would preclude even
further the interpretation of our results.

5 | Conclusions

Our analysis highlights the potential benefits of incorporating
repeated measurements collected during treatment to predict
eventual treatment response. In a large sample of patients re-
ceiving antidepressant treatment, adding post-baseline weeks of
information suggested incremental benefits in performance over
successive weeks, with no single point showing a marked in-
crease in performance. Our machine learning models predicted
depression remission by week four with adequate discrimina-
tion, suggesting a potential to inform treatment decisions. In
summary, this work provides further evidence that models to
aid antidepressant decisions can potentially benefit from longi-
tudinal symptom assessments. Future works, including bigger
samples and independent validation, are required.
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