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A B S T R A C T

Despite advances in the treatment of major depressive disorder (MDD) yet a substantial proportion of patients fail 
to achieve remission and instead develop treatment-resistant depression (TRD). Identifying robust clinical pre
dictors of response is essential for early, personalized interventions.

We analyzed a large, multicenter sample (N = 2953) from the Group for the Study of Resistant Depression 
(GSRD) project, which included previously studied cohorts (TRD I–III) and a newly recruited cohort (TRD IV, N =
294). Patients were categorized as responders, non-responders, or TRD. Sociodemographic and clinical variables, 
including current and retrospective MADRS items, were used to train an XGBoost classifier. Primary outcomes 
were the multi-class metrics area under the curve (AUC), accuracy, and F1-scores.

Previously reported predictors were mainly confirmed in the new TRD IV sample. The XGBoost model showed 
a mean ROC AUC of 0.80 and an accuracy of 61 %, significantly above chance. Misclassification was more 
frequent among responders versus non-responders, while TRD was predicted most accurately (precision=0.73; 
recall=0.73). Measures of illness chronicity, such as duration of current episode, duration of disease lifetime, 
number of hospitalizations, and number of depressive episodes, as well as severity features, BMI and level of 
functioning were among the most important predictors. Secondary analyses using earlier cohorts to train and the 
new TRD IV sample to test confirmed stable performance metrics.

Our findings highlight the central role of chronicity indicators, severity measures and functioning in predicting 
antidepressant response and TRD. Future work should include prospective validation and integration of 
biomarker data to further enhance predictive power.
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1. Introduction

Major depressive disorder (MDD) remains one of the most prevalent 
and debilitating psychiatric conditions (GBD 2017 Disease and Injury 
Incidence and Prevalence Collaborators, 2018). Although pharmaco
logical and psychotherapeutic interventions are available to treat MDD, 
a significant subset of patients fails to respond adequately to one or more 
treatment trials, defined as treatment-resistant depression (TRD) 
(McIntyre et al., 2023; Sforzini et al., 2022). Identifying reliable clinical 
predictors and risk factors is therefore critical, as it allows to make more 
informed decisions about treatment selection and optimization, poten
tially preventing the prolonged suffering and elevated healthcare costs 
associated with ineffective or partially effective interventions. Over the 
past two decades, several studies have focused on clinical features that 
may lead to TRD. Most consistent findings across many studies are 
symptom severity, anhedonia, early onset of depression, suicidal be
haviors, comorbid psychiatric disorders (such as anxiety or substance 
use), and personality traits (e.g., neuroticism) (Bartova et al., 2019; De 
Carlo et al., 2016; Fava et al., 2008; Fekadu et al., 2009a; Serretti, 2023; 
Solmi et al., 2023; Souery et al., 2007; Uher et al., 2012; Zaninotto et al., 
2014). Other less supported results were episode duration (Gilmer et al., 
2008; Rush et al., 2012), atypical features (Stewart et al., 2010), family 
history of depression (Husain et al., 2009) and melancholic features 
(Szmulewicz et al., 2024).

Moreover, patient-specific factors such as chronic medical comor
bidities and social determinants of health (e.g., low socioeconomic sta
tus or limited social support) have also been implicated in the increased 
likelihood of TRD (De Carlo et al., 2016; Mandelli et al., 2016; Solmi 
et al., 2023). While these correlational observations are informative, the 
complexity and interactive nature of multiple predictors can be chal
lenging to capture using conventional statistical methods alone. Tradi
tional regression-based approaches, for example, assume linearity and 
independent effects of predictors, which may not always hold true in 
complex psychiatric conditions like TRD, as previously discussed about 
the interplay between anhedonia and suicidal behaviors (Luca et al., 
2024).

In recent years, machine learning (ML) techniques have been 
increasingly used in psychiatry due to their capacity to investigate 
complex, non-linear relationships within high-dimensional data 
(Chekroud et al., 2016). Several ML methods, including random forests, 
gradient boosting and support vector machines, have been applied to 
identify predictors of TRD, frequently demonstrating higher accuracy 
than conventional statistical analyses (Fabbri et al., 2020; Kautzky et al., 
2017b; Perlis, 2013; Quinn et al., 2024).

However, ML studies have also reported heterogeneous results, with 
a variable weight of the various features included, some studies sup
ported a preeminent role of socioeconomic status (Jain et al., 2013), 
early symptom improvement (Jakubovski and Bloch, 2014; Nie et al., 
2018; Nunez et al., 2021), severe medical comorbidity (Falola et al., 
2017), activity impairment (Jha et al., 2019), sociodemographic factors 
(Perlis, 2013; Salem et al., 2023), substance use (Tang et al., 2023) or a 
combination of a large number of features (Chekroud et al., 2016; 
Curtiss et al., 2024).

Among the methods used in ML analyses, gradient-boosted decision 
trees have attracted special attention due to their ability to handle large 
datasets, manage missing data effectively, and account for intricate in
teractions between variables (Chen and Guestrin, 2016). One of the most 
widely used implementations of gradient boosting is XGBoost (eXtreme 
Gradient Boosting). The flexible approach of XGBoost to missing data is 
quite relevant in this context, given the high rate of partially missing 
observations. The majority of previous studies limited the analysis to 
complete data thus dramatically reducing the sample size. It has been 
argued that this may limit the informativeness of results and reduce 
power (Nijman et al., 2022). XGBoost may handle missing data within 
the ML analysis (Aydin and Ozturk, 2021; Chen and Guestrin, 2016) 
without the need of previous raw data imputation, that may introduce 

bias (Chen and Xu, 2023; Latief et al., 2020; Rusdah and Murfi, 2020; 
Turska et al., 2021), and also relatively large missing data has been 
suggested to be acceptable via default direction in tree split (Bishara 
et al., 2022). Therefore XGBoost has shown to outperform traditional 
regression models in clinical data analysis (Beaulieu-Jones et al., 2023; 
Feng et al., 2023; Liu et al., 2024; Mortazavi et al., 2019; Wang et al., 
2023). Despite the potential of XGBoost for psychiatric research, few 
studies have focused on leveraging this method for the prediction of TRD 
in large, real-world clinical cohorts.

In our previous two works investigating machine learning predictors 
of TRD, we included smaller samples compared to the present study, 
namely 480 and 558 patients (Kautzky et al., 2017a, 2017b), because we 
used methods that need complete data for the analysis. In the present 
paper we did not apply this restriction and we expanded sample size by 
adding our previously recruited samples (D. Souery et al., 2007; D. 
2011), and a newly recruited sample not previously investigated.

2. Methods

2.1. Study sample

The sample was collected within the “Group for the Study of Resis
tant Depression” (GSRD) multicentric research project (Bartova et al., 
2019). The sample included all the previously reported samples (named 
TRD I to III) (Bartova et al., 2019) and a new sample collected according 
to the same protocol of the TRD III study (named TRD IV). Ethical 
Committees of all the participating centers approved the study protocol 
that was performed according to the Helsinki Declaration. The enrolled 
subjects signed a written informed consent prior inclusion. Study details 
have been previously reported (Bartova et al., 2019; Dold et al., 2016), 
the study included adults suffering from a single or recurrent major 
depressive episode (MDE) diagnosed according to the Diagnostic and 
Statistical Manual of Mental Disorders IV-TR and treated with at least 
one antidepressant agent administered at a therapeutic dosage for ≥4 
weeks. Patients with current primary psychiatric disorders other than 
MDD, any substance dependence or severe abuse (except from nicotine 
and caffeine intake) in the previous 6 months, clinically relevant per
sonality disorder and/or other relevant conditions interfering with the 
clinical evaluation were excluded. Demographic and clinical data were 
systematically evaluated including clinical interview and a range of 
tools: the Montgomery-Åsberg Depression Rating Scale (Montgomery 
and Asberg, 1979) was used to assess both the current (MADRS-c) and 
baseline, retrospectively assessed, (MADRS-r) severity of symptoms, 
Sheehan Disability Scale (SDS) (Sheehan et al., 1996) and the 
Mini-international neuropsychiatric interview (MINI) (Sheehan et al., 
1998).

Both TRD III and the new sample TRD IV were cross sectional studies 
which included also a retrospective MADRS assessment of the current 
episode initial symptomatology (Birk et al., 2020), treatment response 
was therefore characterized by a MADRS-c total score of <22 and a ≥ 50 
% reduction of the MADRS total score after an adequate AD trial. 
Non-response was defined as a total score of ≥22 at the MADRS-c or a <
50 % MADRS total score reduction after one AD trial of adequate daily 
dosing and duration. Treatment resistant depression (TRD) was defined 
by a non-response to two or more consecutive AD trials of adequate daily 
dosing and duration (Bartova et al., 2019; Dold et al., 2016). In the early 
waves of recruitment (named TRD I, retrospective, and TRD II, pro
spective) HAMD response (≥50 % reduction) was used (D. Souery et al., 
2007; D. 2011).

2.2. Statistical analysis

Univariate methods were used to analyze the whole range of socio
demographic and clinical variables with treatment outcome (re
sponders, non-responders, TRD). Pairwise correlations were used to 
evaluate reciprocal correlations across predictors. We then employed 
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XGBoost to predict antidepressant treatment outcomes from clinical and 
sociodemographic variables. In order to select the most informative 
baseline predicting features, we included all clinical and sociodemo
graphic variables except for the variables related to the post baseline 
treatment and MADRS single items (Nunez et al., 2021). The list of the 
whole set of variables and the final set selected for XGBoost is reported 
in supplementary Table 1 and Fig. 3 respectively. The dataset was 
divided into training (80 %) and test (20 %) sets, maintaining class 
distribution using stratified sampling (train_test_split(X, y, test_size=0.2, 
stratify=y, random_state=42)). A secondary analysis was performed 
considering TRD I-II and TRD III samples as training and TRD IV sample 
as test in order to confirm the generalizability of results in the new 
sample. Even if the study protocol was similar, there were some differ
ences in available variables in older samples (TRDI-II, which included 
also a small sample of bipolar disorder patients) compared to the most 
recent ones (TRD III and TRD IV, that share the same protocol) (Bishara 
et al., 2022), therefore another secondary analysis was performed using 
TRD III as training and TRD IV as testing sample in order to minimize the 
possible missing variables bias.

All continuous features were standardized, and categorical variables 
were transformed using one-hot encoding. Data were converted in 
DMatrix (xgb.DMatrix). Missing values were handled in the analysis and 
not imputed (Aydin and Ozturk, 2021; Chen and Guestrin, 2016). 
Samples size and complete/missing data are reported in supplementary 
Tables 1–4. The model was configured for multi-class classification using 
the soft probability objective function (`multi:softprob`). Hyper
parameters were optimized to balance predictive performance and 
overfitting risk using Bayesian optimization, that was repeated over 50 
trials using Optuna (version 4.2.1), also controlling for potentially large 
AUC Training-Test difference. The final parameters included (with 
starting ranges before bayesian optimization in brackets): learning rate: 
0.13 (0.05–0.3), maximum tree depth: 4 (3–6), subsample ratio: 0.87 
(0.7–0.9), colsample_bytree: 0.65 (0.6–1), lambda: 4.14 (0.5–10), alpha: 
3.38 (0.5–10), number of boosting rounds: 150, evaluation metric: 
Multi-class log loss (`mlogloss`), early stopping rounds: 20 (based on 
validation set performance). Model performance was assessed using area 
under the curve (AUC) computed using the one-vs-rest (OvR) approach. 
The OvR method computes three separate AUCs: Class 1 vs. (Class 2 +
Class 3), Class 2 vs. (Class 1 + Class 3) and Class 3 vs. (Class 1 + Class 2). 
The final AUC is the average of these three AUC scores. Confusion matrix 
and classification report were produced, summarizing precision, recall, 
and F1-score for each class. F1 = 2 * ((Precision * Recall) / (Precision +
Recall)) Where: Precision = (True Positives) / (True Positives + False 
Positives) and Recall (Sensitivity) = (True Positives) / (True Positives +
False Negatives). SHapley Additive exPlanations (SHAP) was also re
ported, which quantified the contribution of each feature to individual 
predictions. To assess whether the classification performance of the 
XGBoost model exceeded chance level, we conducted a permutation test 
(10,000 iterations) by randomly shuffling predicted labels and recal
culating classification accuracy at each iteration. The observed accuracy 
was then compared to this null distribution to compute a non-parametric 
p-value. Little’s MCAR test was applied to the predictors using the na. 
test function from the R package misty, to evaluate whether missingness 
was consistent with the missing completely at random assumption. 
Univariate analyses were not corrected for multiple testing because TRD 
I-II and TRD III were previously reported and TRD IV was analyzed 
under a confirmatory perspective. All analyses were conducted using 
Python 3.11 for MacOS, with XGBoost (`v2.1.4`), pandas, numpy, 
xgboost, matplotlib, SHAP, seaborn and SciKit-Learn packages (Virtanen 
et al., 2020).

3. Results

The whole sample included 2953 patients (supplementary Table 1), 
comprising TRD I-II patients (N = 1354, supplementary Table 2) (D. 
Souery et al., 2011; D. 2007), TRD III patients (N = 1305, supplementary 

Table 3) (Bartova et al., 2019; Dold et al., 2016) and the newly recruited 
sample TRD IV (N = 294, Table 1 and supplementary Table 4 for more 
details).

The new TRD IV sample, reported here in detail for the first time, 
included only responders (N = 134) and TRD patients (N = 160). Pre
viously reported factors associated with TRD were mainly confirmed: 
inpatient status, antipsychotic use and more in general combination 
therapy, more severe baseline MADRS, greater functional impairment 
across all three domains, longer episode duration, higher number of 
previous depressive episodes and previous hospitalizations, higher sui
cidal risk and higher medication induced side effects (Table 1 and sup
plementary Tables 2–4).

As a first step before the XGBoost analysis, a correlation matrix was 
produced (Fig. 1 and supplementary Table 5 for more details). As can be 
visually noted in Fig. 1, no abnormal collinearity was detected and 
therefore the final set of variables selected as previously described were 
included in the model.

The XGBoost model demonstrated good discriminative ability with a 
ROC AUC of 0.8009, indicating that the model correctly differentiates 
between outcome classes in approximately 80.09 % of cases (Fig. 2 and 
supplementary Table 6). The overall classification accuracy was 61 %, 
significantly higher than the expected chance level of ~33.3 % (random 
guessing) or 34.5 % (predicting the majority class) (permutation, p <
0.0001). The model performed best for Resistant patients (Class 2), 
achieving a precision of 0.73, recall of 0.73, and an F1-score of 0.73. In 
contrast, responders (Class 0) and non-responders (Class 1) exhibited 
lower but still satisfactory F1-scores (0.58 and 0.55, respectively). 
However the macro and weighted F1-scores were both 0.61, suggesting 
a relatively balanced model performance across all classes.

The confusion matrix (Fig. 2) indeed shows that the model correctly 
classified 107 responder, 113 non-responder, and 142 resistant cases. 
Misclassification was more common between responders and non- 
responders, while resistant cases were predicted with higher accuracy 
(only 19 misclassified as responders and 33 as non-responders).

The feature importance analysis (Fig. 3) showed that longer duration 
of current episode, longer duration of disease, higher age, onset and 
number of hospitalizations were the most influential predictors in the 
XGBoost model. Other relevant features included higher number of 
previous antidepressants and depressive episodes, BMI, and higher 
baseline MADRS severity. In contrast, variables such as substance abuse, 
OCD, and somatic disorders had minimal contributions to the model’s 
predictions, in agreement with our previous analyses (Bartova et al., 
2019).

SHAP analysis identified nonlinear interactions only regarding the 
impact of MADRS Retrospective on predictions that varied depending on 
MDD/BD status and sex (Supplementary figure 1).

A secondary analysis was performed with TRD I-II and TRD III 
samples as training and TRD IV as testing (supplementary Table 7). 
Results showed a small reduction on AUC (0.72) but with increased 
accuracy (0.70) and stable macro and weighted F1-scores. Prediction of 
TRD showed a very high precision (0.94) though with a less satisfactory 
recall (0.37). We then repeated the analysis including only the TRD III 
sample as training and TRD IV as testing because of lack of relevant 
missingness, given that the Little’s MCAR test suggested a non random 
missing (p < 0.001), due to the TRD I-II sample rate of missing variables 
because of the different protocols. Results showed a similar AUC (0.74) 
and accuracy (0.69) and stable macro and weighted F1-scores. Predic
tion of TRD showed in this case a lower precision (0.64) though with a 
much better recall (0.99). The ranking of features was overlapping. 
Therefore the TRD I-II variable missing rate did not influence the pre
diction model.

4. Discussion

In this large, multicenter study of nearly 3000 individuals with major 
depression (including a newly recruited cohort of 294 patients), we 
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applied XGBoost machine learning to investigate clinical and de
mographic predictors of antidepressant treatment outcome. Our results 
extend previous GSRD findings (Bartova et al., 2019; Kautzky et al., 
2017b). Overall the evaluation metrics of the model are in line or su
perior when compared to previous studies, as well as many of the pre
dicting variables (Chekroud et al., 2016; Curtiss et al., 2024; Nie et al., 

2018; Nunez et al., 2021; Perlis, 2013).
A relevant result of our current analysis is the importance of more 

severe chronicity-related indices, duration of current episode, duration 
of disease, time of hospitalizations and number of depressive episodes, 
in identifying individuals at high risk of nonresponse or TRD. In our 
previous analysis, which was based on TRD III sample only, longer 

Table 1 
. Clinical and sociodemographic features of the TRD IV sample.

Variable (no/yes) Responders (N = 134) Resistant (N = 160) Total Sample (N = 294) Statistic p- 
Value

Sex (M/F) 65 (48.51 %); 69 (51.49 %) 61 (38.12 %); 99 (61.88 %) 126 (42.86 %); 168 (57.14 %); N = 294 2.8 0.094
Married 78 (58.21 %); 56 (41.79 %) 77 (48.12 %); 83 (51.88 %) 155 (52.72 %); 139 (47.28 %); N = 294 2.58 0.108
Living with others 47 (35.07 %); 87 (64.93 %) 56 (35.00 %); 104 (65.00 %) 103 (35.03 %); 191 (64.97 %); N = 294 0 1
Children 56 (41.79 %); 78 (58.21 %) 68 (42.50 %); 92 (57.50 %) 124 (42.18 %); 170 (57.82 %); N = 294 0 0.997
Smoking 74 (55.22 %); 60 (44.78 %) 97 (60.62 %); 63 (39.38 %) 171 (58.16 %); 123 (41.84 %); N = 294 0.67 0.414
Family history MDD 87 (64.93 %); 47 (35.07 %) 108 (67.50 %); 52 (32.50 %) 195 (66.33 %); 99 (33.67 %); N = 294 0.12 0.733
Family history BD 128 (95.52 %); 6 (4.48 %) 153 (95.62 %); 7 (4.38 %) 281 (95.58 %); 13 (4.42 %); N = 294 0 1
Family history suicide 101 (75.37 %); 33 (24.63 %) 138 (86.25 %); 22 (13.75 %) 239 (81.29 %); 55 (18.71 %); N = 294 4.98 0.026
Thyroid Disorder 124 (92.54 %); 10 (7.46 %) 134 (83.75 %); 26 (16.25 %) 258 (87.76 %); 36 (12.24 %); N = 294 4.45 0.035
Diabetes 127 (94.78 %); 7 (5.22 %) 148 (92.50 %); 12 (7.50 %) 275 (93.54 %); 19 (6.46 %); N = 294 0.31 0.581
Psychotherapy 67 (56.78 %); 51 (43.22 %) 91 (63.19 %); 53 (36.81 %) 158 (53.74 %); 104 (35.37 %); N = 262 0.86 0.353
Melancholia 27 (20.30 %); 106 (79.70 %) 29 (18.35 %); 129 (81.65 %) 56 (19.05 %); 235 (79.93 %); N = 291 0.07 0.787
Psychotic Lifetime 128 (96.24 %); 5 (3.76 %) 145 (91.77 %); 13 (8.23 %) 273 (92.86 %); 18 (6.12 %); N = 291 1.77 0.183
Psychotic Current 128 (96.24 %); 5 (3.76 %) 145 (91.77 %); 13 (8.23 %) 273 (92.86 %); 18 (6.12 %); N = 291 1.77 0.183
Inpatient 60 (49.18 %); 62 (50.82 %) 21 (13.82 %); 131 (86.18 %) 81 (27.55 %); 193 (65.65 %); N = 274 38.97 <0.001
Panic Disorder 122 (91.04 %); 12 (8.96 %) 148 (93.08 %); 11 (6.92 %) 270 (91.84 %); 23 (7.82 %); N = 293 0.18 0.669
GAD 120 (89.55 %); 14 (10.45 %) 138 (86.79 %); 21 (13.21 %) 258 (87.76 %); 35 (11.90 %); N = 293 0.3 0.586
PTSD 132 (98.51 %); 2 (1.49 %) 156 (98.11 %); 3 (1.89 %) 288 (97.96 %); 5 (1.70 %); N = 293 0 1
Any Abuse 111 (82.84 %); 23 (17.16 %) 118 (73.75 %); 42 (26.25 %) 229 (77.89 %); 65 (22.11 %); N = 294 2.99 0.084
Mood Stabilizers 133 (99.25 %); 1 (0.75 %) 159 (99.38 %); 1 (0.62 %) 292 (99.32 %); 2 (0.68 %); N = 294 0 1
Antipsychotics 130 (97.01 %); 4 (2.99 %) 136 (85.00 %); 24 (15.00 %) 266 (90.48 %); 28 (9.52 %); N = 294 10.86 <0.001
Benzodiazepines 85 (63.43 %); 49 (36.57 %) 51 (31.87 %); 109 (68.12 %) 136 (46.26 %); 158 (53.74 %); N = 294 27.96 <0.001
Somatic disorders 82 (61.19 %); 52 (38.81 %) 82 (51.25 %); 78 (48.75 %) 164 (55.78 %); 130 (44.22 %); N = 294 2.53 0.111
SSRI 65 (48.51 %); 69 (51.49 %) 91 (57.23 %); 68 (42.77 %) 156 (53.06 %); 137 (46.60 %); N = 293 1.89 0.17
SNRI 103 (76.87 %); 31 (23.13 %) 119 (74.84 %); 40 (25.16 %) 222 (75.51 %); 71 (24.15 %); N = 293 0.07 0.79
NRI 132 (98.51 %); 2 (1.49 %) 151 (94.97 %); 8 (5.03 %) 283 (96.26 %); 10 (3.40 %); N = 293 1.79 0.181
TCA 133 (99.25 %); 1 (0.75 %) 148 (93.08 %); 11 (6.92 %) 281 (95.58 %); 12 (4.08 %); N = 293 5.57 0.018
NDRI 132 (98.51 %); 2 (1.49 %) 151 (94.97 %); 8 (5.03 %) 283 (96.26 %); 10 (3.40 %); N = 293 1.79 0.181
NASSA 112 (83.58 %); 22 (16.42 %) 140 (88.05 %); 19 (11.95 %) 252 (85.71 %); 41 (13.95 %); N = 293 0.86 0.353
SARI 130 (97.01 %); 4 (2.99 %) 149 (93.71 %); 10 (6.29 %) 279 (94.90 %); 14 (4.76 %); N = 293 1.09 0.296
Other antidepressants 129 (96.27 %); 5 (3.73 %) 157 (98.74 %); 2 (1.26 %) 286 (97.28 %); 7 (2.38 %); N = 293 0.99 0.319
Combination treatment 59 (44.03 %); 75 (55.97 %) 8 (5.03 %); 151 (94.97 %) 67 (22.79 %); 226 (76.87 %); N = 293 60.51 <0.001
​ ​ ​ ​ ​ ​
Age 47.24 ± 14.33 53.40 ± 14.33 50.59 ± 14.66; N = 294 − 3.66 <0.001
MADRS Retrospective 36.46 ± 5.44 40.16 ± 6.54 38.47 ± 6.34; N = 294 − 5.28 <0.001
Education (lower to higher) 2.92 ± 0.98 2.99 ± 1.03 2.96 ± 1.01; N = 292 − 0.58 0.56
Working status (lower to higher) 2.11 ± 1.31 2.42 ± 1.17 2.28 ± 1.25; N = 294 − 2.09 0.038
Bmi 26.15 ± 6.08 25.99 ± 4.85 26.06 ± 5.45; N = 293 0.24 0.813
Sheehan Work 5.89 ± 3.48 7.65 ± 2.53 6.85 ± 3.12; N = 289 − 4.81 <0.001
Sheehan Social 6.06 ± 3.07 7.88 ± 1.60 7.05 ± 2.55; N = 293 − 6.18 <0.001
Sheehan Family 5.84 ± 3.04 7.92 ± 1.61 6.97 ± 2.59; N = 293 − 7.1 <0.001
Apparent sadness MADRS retrospective 4.43 ± 0.79 5.05 ± 0.84 4.77 ± 0.87; N = 294 − 6.54 <0.001
Reported sadness MADRS retrospective 4.36 ± 0.91 5.11 ± 0.86 4.77 ± 0.96; N = 294 − 7.19 <0.001
Inner tension MADRS retrospective 3.87 ± 1.07 4.30 ± 1.17 4.11 ± 1.15; N = 294 − 3.25 0.001
Reduced sleep MADRS retrospective 3.48 ± 1.48 3.69 ± 1.75 3.59 ± 1.63; N = 294 − 1.11 0.267
Reduced appetite MADRS retrospective 2.54 ± 1.59 2.51 ± 1.75 2.53 ± 1.68; N = 294 0.17 0.869
Concentration difficulties MADRS 

retrospective
3.81 ± 1.11 4.25 ± 1.07 4.05 ± 1.11; N = 294 − 3.46 <0.001

Lassitude MADRS retrospective 4.00 ± 0.99 4.36 ± 1.04 4.19 ± 1.03; N = 294 − 2.99 0.003
Inability to feel MADRS retrospective 3.75 ± 1.14 4.24 ± 0.89 4.01 ± 1.04; N = 294 − 4.03 <0.001
Pessimistic thoughts MADRS retrospective 3.61 ± 1.02 3.72 ± 1.09 3.67 ± 1.06; N = 294 − 0.86 0.389
Suicidal thoughts MADRS retrospective 2.61 ± 1.77 2.94 ± 1.88 2.79 ± 1.84; N = 294 − 1.52 0.129
Duration Current Episode 194.48 ± 161.45 285.33 ± 168.24 243.78 ± 171.26; N = 293 − 4.69 <0.001
Number of Depressive Episodes 3.17 ± 2.54 4.38 ± 3.02 3.82 ± 2.87; N = 274 − 3.58 <0.001
Age at Onset 34.19 ± 14.42 33.85 ± 14.42 34.01 ± 14.42; N = 288 0.2 0.844
Duration of Disease 13.16 ± 12.29 19.37 ± 13.27 16.52 ± 13.19; N = 287 − 4.1 <0.001
Time of hospitalizations 7.67 ± 22.17 10.93 ± 19.29 9.31 ± 20.83; N = 266 − 1.27 0.205
Age at first hospitalization 40.85 ± 13.11 42.12 ± 15.55 41.57 ± 14.56; N = 195 − 0.62 0.539
Suicidal Risk (lower to higher) 1.78 ± 0.81 2.25 ± 0.87 2.03 ± 0.87; N = 293 − 4.83 <0.001
psychiatric side effects 0.47 ± 0.23 0.57 ± 0.35 0.53 ± 0.31; N = 294 − 3.04 0.003
neurologic side effects 0.04 ± 0.13 0.06 ± 0.16 0.05 ± 0.15; N = 294 − 1.13 0.258
autonomic side effects 0.16 ± 0.25 0.17 ± 0.27 0.17 ± 0.26; N = 294 − 0.53 0.6
other side effects 0.84 ± 0.54 0.62 ± 0.56 0.72 ± 0.56; N = 294 3.46 <0.001
Side Effects Total 1.03 ± 0.42 0.96 ± 0.45 0.99 ± 0.44; N = 294 1.37 0.171
Antidepressant dose equivalents Total 42.64 ± 22.79 49.38 ± 23.54 46.39 ± 23.45; N = 248 − 2.27 0.024
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disease duration was among the strongest predictors for treatment 
resistance. Other studies have suggested that longer illness duration and 
more frequent or protracted depressive episodes lead to greater chro
nicity and worse long-term outcomes (Gilmer et al., 2008; Rush et al., 
2012). Our findings further confirm this perspective and give further 
support, via a larger sample and a more flexible machine-learning 
approach, to the notion that accumulated burden of disease is a major 
driver of TRD risk.

Another important predictor that consistently emerged in our model 
is BMI, though not in univariate analyses, confirming findings from the 
previous literature that weight or metabolic status might modulate an
tidepressant response (Kraus et al., 2023). It is possible that BMI reflects 
complex interactions with medical comorbidities such as metabolic 
syndrome or type 2 diabetes, conditions that have been linked with poor 
response (Falola et al., 2017; Possidente et al., 2023). Although direct 
causal relationships remain unclear, these converging data underscore 
that evaluating physical health (e.g., BMI, metabolic status) is a 
worthwhile addition for risk stratification algorithms in patients with 
depression.

Severity indicators, such as higher baseline MADRS and suicidal risk, 
were also among the higher predictive factors and were replicated in the 
TRD IV sample, in line with evidence in our previous samples (Bartova 
et al., 2019) and in literature (De Carlo et al., 2016). However some 
prior clinical features with well-documented associations to TRD were 
less evident in the present model. For instance, substance abuse and 
somatic disorders (e.g., thyroid dysfunction, diabetes) contributed 
minimally to the predictions, despite some evidence in the literature on 
their role as risk factors (Chen et al., 2024; De Carlo et al., 2016; Serretti, 
2024). It is possible that such effects become diluted when a large 
combination of variables are considered simultaneously in a 
machine-learning framework, particularly when robust correlates of 

chronic courses are considered (e.g., episode duration, hospitalization), 
and the exclusion of severe abuse and dependence may reduce their 
impact. This may explain the discrepancy we observed in our results for 
some variables in univariate versus XGBoost results.

Consistent with prior GSRD studies (Panariello et al., 2023), more 
side effects reported during antidepressant therapy were associated with 
resistance though not included in the XGBoost model because it was a 
post baseline treatment. However, despite the fact that more complex 
treatment are prescribed to patients non responding thus leading to 

Fig. 1. Correlation heatmap of the complete set of variables in the study.

Fig. 2. XGBoost confusion matrix.
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more side effects, it could also be hypothesized that patients who 
develop multiple or severe medication side effects are sometimes less 
able to sustain adequate treatment trials with compliance (Masand, 
2003), thereby increasing their likelihood of incomplete response and 
resistance. This finding underscores the utility of systematically moni
toring side effects throughout treatment. In some cases, optimizing 
side-effect profiles (e.g., switching to better-tolerated antidepressants, 
ensuring adequate management of sedation or weight gain) may 
improve treatment adherence, thereby reducing the likelihood of 
incomplete response and subsequent resistance. We also confirmed in 
the new TRD IV sample the predictive value of functional impairment 
via the SDS. In particular, Sheehan Work and Sheehan Family scores 
again emerged as relevant, in line with previous evidence (Curtiss et al., 
2024).

When considering specific symptoms of depression, not included in 
the XGBoost model for collinearity with the total MADRS score but re
ported in the tables, insomnia was not identified as a major predictor of 
treatment response, even if in TRD III reduced sleep was associated with 
TRD and a non-significant trend was found in TRD IV (supplementary 
Tables 3 and 4). This is in line with its potential impact on antidepres
sant efficacy (Asarnow and Manber, 2019; Lustberg and Reynolds, 
2000). In our sample reduced sleep was inversely correlated with 
chronicity measures, possibly mediated also by more sedative treat
ments as shown by the univariate negative correlations. Future analyses 
should include specific measures of sleep disturbances, such as the 
presence of insomnia at baseline or changes in sleep quality over the 
course of treatment, to better assess their potential predictive value. 
Additionally, as sleep disturbances may interact with other clinical 
features (e.g., anhedonia, suicidality, and anxiety), a more granular 
analysis of these relationships could further clarify insomnia’s role in 
treatment outcomes. Anhedonia, defined using MADRS item 8, was the 
strongest single symptom predictor, together with suicidal thoughts and 
risk, confirming previous observations also in the new TRD IV sample 
(Luca et al., 2024; Serretti, 2023; Wong et al., 2024).

Anxiety disorders (GAD, panic disorder, OCD) and PTSD displayed 
comparatively modest contributions, except for a mild association with 
panic disorder in univariate tests. This partially diverges from previous 
studies (De Carlo et al., 2016; Fava et al., 2008) that identified anxiety 

comorbidities as robust correlates of worse response. However, our 
findings are in line with our previous analysis (Kautzky et al., 2017b) 
where these comorbidities, although directionally associated with TRD, 
were overshadowed by variables capturing severity, chronicity, and 
functional impairment once complex interactions were accounted for. 
The same may be suggested for melancholic features, as they showed 
mixed associations with TRD (Dold et al., 2021; Szmulewicz et al., 
2024). Our results thus may suggest that single predictors such as anx
iety have inconsistent effects: while they may increase risk when 
considered alone, they appear less consistently predictive than measures 
of long-standing depression burden and overall severity.

The prominence of duration of current episode and duration of dis
ease underscores that chronic, entrenched depressive states are the most 
difficult to treat, possibly because of sustained neurobiological changes 
(Runia et al., 2022). These findings highlight the importance of early 
intervention to minimize recurrent episodes and accelerate remission 
(Fekadu et al., 2009b). Clinicians may therefore consider intensifying or 
augmenting treatments promptly in individuals with a long history of 
depression or extended ongoing episodes (Scala et al., 2023).

A clear strength of this study is the large sample size comprising 
multiple distinct cohorts (TRD I–II, TRD III, and the newly recruited TRD 
IV) assessed with a common protocol. The sample size allowed us to not 
use cross-validation, a procedure that may decrease power (Arlot and 
Celisse, 2010; Brykov et al., 2020; Just et al., 2020; Zhang et al., 2021). 
The addition of a new sample not previously reported further enhances 
generalizability relative to earlier GSRD work, which featured fewer 
patients or fewer variables. The use of XGBoost is another advantage: 
gradient-boosted decision trees accommodate complex, non-linear in
teractions among variables while directly handling missing data without 
imputation or sample size reduction.

Conversely, several limitations should be considered. First, although 
XGBoost handles missingness more flexibly than standard imputation, 
the reliance on multi-center retrospective data inevitably produces 
variability in how certain variables were recorded (e.g., in earlier waves, 
HAMD rather than MADRS was used). Second, the cross-sectional 
naturalistic design did not standardize antidepressant regimens 
beyond requiring an “adequate dose for ≥4 weeks,” so variation in 
medication classes, augmentation strategies, and length of follow-up 

Fig. 3. XGBoost feature importance.
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could influence outcome classification; the naturalistic nature of our 
study prevented us from using treatment as a predictor, having resistant 
patients usually a more complex treatment. In addition, the MADRS to 
assess symptoms at baseline was administered retrospectively. There
fore, we cannot exclude the possibility of recall bias, though retrospec
tive depression assessment has been demonstrated to be substantially 
reliable (Birk et al., 2020). Third, while the machine-learning model 
showed good overall performance, the misclassification rate for re
sponders and non-responders remains non-negligible, underscoring that 
further refinements, e.g., combining clinical variables with biomarkers 
or repeated measures of early symptom change, may be necessary to 
maximize predictive accuracy (Fabbri et al., 2020; Perlman et al., 2019). 
Fourth, the selection of variables to include in the model is crucial. We 
included all baseline variables, but not all potentially influential clinical 
variables were available (e.g. stressful life events, personality, neuro
cognitive evaluations). Finally, our external validation was limited to 
validation in distinct subsamples from the same GSRD cohorts. Repli
cation in completely independent cohorts is a key next step to assess how 
well these results generalize to other populations. However, the satis
factory replication in the newly collected and independent TRD IV 
sample suggests a good potential for generalizability, also when the 
smaller, but more homogeneous, TRD III sample was used as training. 
This secondary analysis is supporting the lack of bias of including var
iables with relatively high missing values (supplementary tables). In any 
case the use of the same exact model for future replications is concep
tually challenging considering the need of completely overlapping 
measures and scoring, with a negative impact on power (Nunez et al., 
2021).

In conclusion, our findings indicate that clinical measures of disease 
chronicity, severity, functional impairment, and BMI are the most robust 
predictors of antidepressant (non)response and TRD across multiple 
cohorts. These results confirm and refine earlier observations and 
emphasize the need for vigilant, multimodal management, especially in 
individuals with long-standing depression and high functional 
disability. Future work should concentrate on (1) prospective (rather 
than purely retrospective) validation in large, well-characterized sam
ples or large population studies (2) integration of biological or genetic 
markers into clinical models to address potential subtypes, and (3) more 
fine-grained measures of comorbidities and other potentially modu
lating factors not included in the present study. Such advances will help 
clinicians to identify TRD risk earlier and tailor interventions more 
precisely, ultimately improving long-term outcomes for patients.
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